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Abstract 
Ageing and pain affect performance of the postural control system. These changes affect the 
ability to flexibly adapt to challenges with potential consequences for balance and falls risk, and 
potential to understand the nature of adaptations to pain. The overall aim of this thesis was to provide 
insight into the dynamical nature of standing and walking postural control quantified using non-linear 
methods to address these issues. 
Studies One and Two of this thesis investigated postural control of upright balance in elderly 
individuals who did or did not report falls in the 12 months after the initial balance assessment and in 
a group of younger individuals. Study One involved assessment of postural control during normal 
quiet stance and when postural control was challenged by using combinations of eye closure and 
standing on a foam surface to challenge sensory input. Study Two assessed standing balance (without 
vision) in response to sudden changes of proprioceptive information using low amplitude calf muscle 
vibration. In both studies, center-of-pressure (CoP) motion was used as the output of the postural 
control system. Findings showed that overall CoP motion was less regular in elderly than in younger 
individuals. Higher regularity in young than elderly could be explained by fewer postural corrections 
and CoP motion that reflected longer durations of unattenuated inverted pendulum motion in young 
than old (Study One). More random fluctuations of CoP motion in elderly was more emphasized in 
fallers than non-fallers, especially after cessation of muscle vibration (Study Two). Young individuals 
adapted to postural challenges by increasing regularity of CoP motion, whereas elderly did not. 
Findings show that regular CoP motion was related to normal postural function. This contrasts some 
observations in which CoP regularity was greater in ageing and disease than healthy peers. 
Studies Three and Four investigated postural control during walking on a treadmill in young 
individuals with nociceptive stimulation in two locations. Walking was perturbed using an acute pain 
stimulus in the calf or lower back muscle (LBP) and adaptations to this pain stimulus were observed. 
Study Three used the activation patterns of multiple trunk and leg muscles (at 0.94 ms-1), and Study 
Four used upper thorax motion as the output of the postural control system (at 0.94 ms-1 and 1.67 ms-
1). Study Three examined the common organisation of activity patterns among recorded muscles using 
synergy analysis (i.e., groups of muscles activated in synchrony) and their amplitude of activation in 
response to acute pain. Five muscle synergies were identified during walking control, pain and post-
pain conditions. Cross validation analysis showed that muscle synergies extracted for the control 
condition could account for >81% of variance of the other conditions. Muscle synergies were altered 
very little in some participants but were more affected in the other individuals. No systematic 
differences between pain locations were observed. Considering all participants, synergies related to 
propulsion and weight acceptance were largely unaffected by pain, whereas synergies related to other 
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functions (trunk control and leg deceleration) were more affected. Calf muscle activity was less 
during both calf pain and LBP than control and was further reduced during calf pain. 
Study Four quantified walking performance by the sensitivity of the postural control system 
to small perturbations (local stability) that naturally occur during walking, also reflecting regularity. 
Local stability, stride-to-stride variability and amplitude of thorax motions were determined. At 
0.94ms-1 gait stability was lower and stride-to-stride variability was higher, during LBP and calf pain 
than no pain. This was more pronounced during calf pain, which is likely to be explained by the 
critical biomechanical function of calf muscles in gait. This was supported by observations of greater 
mediolateral amplitude of upper thorax motion and stance time asymmetry than in low back pain and 
no pain. At 1.67ms-1, gait stability was greater and stride-to-stride variability was smaller with LBP 
than no pain and calf pain, suggesting a more protective strategy. Gait stability was not affected 
during calf pain despite increased mediolateral amplitude of thorax motion and asymmetric stance, 
possibly due to greater kinematic constraints and smaller effects of calf muscle activity on propulsion 
at this speed. 
The four studies of this thesis show that regularity of time series that reflect the output of the 
postural control system at the level of CoP motion or upper body movements reflects normal healthy 
postural control function. Compared to young individuals, this finding is confirmed by the 
observations of reduced regularity in response to perturbations to the postural control system observed 
in elderly and specifically in fallers than non-fallers. When the postural control system is perturbed 
by an acute pain stimulus during walking in young individuals both increased and decreased 
regularity are observed. Pain adaptations depend on task constraints (walking speed) and the ability 
to adapt muscle coordination depend on available options and the impact of adaptations in relation to 
overall walking performance. 
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Chapter 1 Introduction 
Movement is the basis of everything we do in life. It would be impossible not to move, even 
if we wanted to. The dynamical nature of human movement allows us to interact with our 
environment, to explore and adapt to changes, and is essential to maintain healthy body function 
(Wolpert et al., 2011). It also underlies how movements are controlled and how we adapt to 
challenges. Both ageing and pain impact the way we move and negatively affect our ability to adapt. 
Exploring the dynamical features of human movement provides information about the changes in 
movement control that occur with ageing and muscle pain.  
 Both ageing and pain change the motor control system in ways that affect body movements 
and normal healthy function. With an ageing population, falls are an increasing health concern 
(Kalache & Fu, 2008). Further, musculoskeletal pain is more prevalent and has greater health related 
consequences in the elderly than other age groups (Ingram & Symmons, 2018). Age- and pain-related 
changes to the motor control system affect the ability to flexibly adapt movements to deal with 
challenges that might threaten balance and capacity to maintain function such as walking. This thesis 
investigated the impact of ageing and experimental muscle pain on the dynamical nature of standing 
upright and walking. To achieve this, an innovative combination of linear and non-linear methods 
and muscle synergy analysis was employed. 
The dynamical nature of human movement can be investigated with different methods using 
the recorded output of the movement control system to extract information about the underlying 
control process. The dynamic nature of these recordings or signals that reflect postural sway, or upper 
body movements, or the organisation of activity patterns of many muscles, are linked with the 
behaviour that is produced by the motor control system. The recorded signal, which reflects part of 
the output of the motor control system, exhibits fluctuations and is variable over time. This variability 
is not random but contains somewhat ‘hidden’ information that provides information about the 
physiological function of the underlying control system. This signal variability can be assessed using 
linear and non-linear methods. Although simple linear methods, such as standard deviation or average 
value, are easy to generate and interpret, they only assess the overall amplitude of variability, and 
thereby collapse most of the variability information into a single time scale. Linear measures don’t 
account for how the signal changes over time and disregard potentially valuable information 
regarding movement control. In contrast, non-linear methods assess how a signal changes over time 
by quantifying the underlying structure and non-linear features of the signal. Extraction of this 
additional information is likely to provide greater insight into the changes in movement control that 
occur with ageing and pain, and provide further understanding of the possible mechanisms that 
underpin these changes. 
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The human body has many parts that overlap functionally, and many feedback mechanisms. 
Together this underpins the consideration of the human movement as a ‘complex system’. This 
complexity ensures that the motor control system is robust as many strategies are available to generate 
movement, and multiple feedback systems can provide information about posture/alignment and 
movement. In other words, there are many degrees of freedom available for movement. Recorded 
signals that represent the output from such complex control systems usually include fluctuations that 
reflect the underlying complexity. Several lines of research have begun to identify that altered or less 
complex variability of signals from biological systems is a marker of ageing and disease, including 
musculoskeletal pain (Lipsitz & Goldberger, 1992; Mazaheri, Salavati, et al., 2010; Negahban et al., 
2010; 2016), and that this reflects changes within the underlying physiological control mechanisms 
(Manor et al., 2010; Peng, Havlin, Stanley, et al., 1995). However, it is not always clear how and if 
the results from non-linear methods reflect the underlying complexity of the control system. In 
addition, quantification of signal complexity, using non-linear methods, is also not straightforward 
(Gell-Mann, 1995). These limitations complicate the interpretation of non-linear measures and might 
result in misunderstanding of possible mechanisms that underpin ageing and muscle pain. This thesis 
explores the interpretation of non-linear measures by combining different methods, contrasting 
findings in the elderly against younger individuals and considering the biomechanical characteristics 
that underpin the recorded signals. 
Sway amplitude (a linear measure) is not always linked with future falls, and non-linear 
methods might provide greater sensitivity to identify differences in balance control in individuals at 
high or low risk of falls (Maki et al., 1994; Piirtola & Era, 2006). There is an obvious gap in the 
literature as only one study (Zhou et al., 2017) has used a non-linear method to investigate differences 
in postural sway between fallers (identified prospectively) and individuals that did not report falls. 
Although that study showed that future fallers could be identified with the non-linear measure, the 
underlying mechanisms of balance control that underpin falls risk remain unclear as the non-linear 
method applied in that study used only limited information in the postural sway. Further investigation 
of postural sway variability with other non-linear methods is likely to provide greater understanding 
of potential mechanisms that underpin the deterioration in balance control that increases falls risk in 
elderly individuals. 
Nociceptive input from muscle causes pain and affects muscle activation. This impacts 
movement during important daily activities such as walking. Acute adaptations to pain are thought to 
protect the painful part (Hodges & Tucker, 2011), limiting movement by increasing joint stiffness. 
Pain also affects the perception of body movements (Brumagne et al., 2000) and negatively affects 
the ability to regulate muscle force (Salomoni et al., 2013). However, research is generally limited to 
single muscle function or to simplified systems in which the pain adaptation is studied in muscles 
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that function over a single joint. Although these studies provide some insight into adaptation to pain, 
used paradigms do not elucidate the potentially complex interaction between a painful region and 
neighbouring regions, and notably for this thesis, limit the potential for movement variability because 
of the limited degrees of freedom imposed on the system. Some data do point to changes in amplitude 
of muscle activity and coordination during walking (Henriksen et al., 2007; Lamoth et al., 2004), but 
little attention has been placed on the effect of pain on movement variability. During walking, 
multiple biomechanical functions such as propulsion and posture are controlled simultaneously. 
Muscles related to these functions are activated at the same time or in synchrony, also referred to as 
muscle synergies (Ivanenko et al., 2004). Investigation of muscle synergies and the impact of acute 
experimental pain on movement variability during walking provides the opportunity to explore the 
underlying motor control changes associated with pain and could further our understanding of the 
mechanisms that are involved. 
The overall objective of the thesis was to explore the dynamical nature of movement variability 
using non-linear analysis methods to understand changes in movement behaviour. In this thesis these 
approaches were used to probe the changes that might underpin movement dysfunction in ageing and 
muscle pain. 
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Chapter 2  Background 
2.1 Burden of falls and pain 
Movement is changed as we age and when we are in pain. Altered movement and impaired 
behavioural adaptability with age is linked with the general decline of physiological functioning 
(Lipsitz & Goldberger, 1992; Vaillancourt & Newell, 2002) and an increasing risk of falls (Lord et 
al., 1991). The World Health Organization (WHO) recognises the ageing population as a significant 
21st century challenge as the number of people over 65 years of age continues to increase world-wide 
(Beard et al., 2015, Figure 2.1). 
 
 
Figure 2.1. Estimation of world population growth of people older than 65 years of age. Data from: United Nations, 
Department of Economics and Social affairs, Population Division (2017). World Population Prospects: The 2017 
Revision, custom data acquired via website (https://esa.un.org/unpd/wpp/DataQuery/). 
Approximately one third of all individuals over 65 years of age will fall each year, and the frequency 
of falls increases with age (Kalache & Fu, 2008). Many of these falls result in serious injuries that 
require medical attention or hospitalization. Frequently, a fall affects the individual’s independence, 
overall activity level and leads to depression, which negatively impacts on daily activities and 
participation in society. With an ageing population, falls are becoming increasingly burdensome with 
an estimated economic cost of ~$0.5 billion in 2021 in Australia (Moller, 2013), and has been 
identified as a research priority by research institutes internationally (Prohaska et al., 2006). There is 
ongoing major interest in identification of risk factors and mechanisms for falling. Despite substantial 
effort we do not yet fully understand the underlying mechanisms, and this limits the potential to 
1950 1960 1970 1980 1990 2000 2010 2020 2030 2040 2050
Year
0
0.2
0.4
0.6
0.8
1.0
1.2
1.4
1.6
Bi
llio
ns
 
Population >65 years
Chapter 2: Background 
 6
optimise and tailor interventions for prevention and reduction of falls risk. It is plausible that the 
quality of balance control is a determinant of falling, but evidence is not yet conclusive. 
Pain also presents a major burden to society (Ingram & Symmons, 2018); ~30% of Australians 
experience chronic musculoskeletal pain (Rahman et al., 2017) with an estimated economic burden 
of ~$A55 billion in 2012 (Williams, 2015). Musculoskeletal pain can affect people of any age, but its 
prevalence and consequences increase with age (Ingram & Symmons, 2018). In the ageing 
population, the presence of muscle pain has been related to increased risk of falls (Ingram & 
Symmons, 2018). Musculoskeletal pain is the most common cause of long-term pain, and is the 
underlying factor in approximately 40% of all chronic pain conditions (Vos et al., 2015). 
Musculoskeletal pain is the second most common cause of disability world-wide, with low back pain 
(LBP) contributing the most to this burden (Gold et al., 2017; Vos et al., 2012; Woolf & Pfleger, 
2003; Woolf et al., 2012). Adaptations to pain result in functional limitations which affect hundreds 
of millions of people world-wide, impacting their overall activity level and participation in society. 
Like falls, the mechanisms underlying the persistence of pain are not completely understood. 
Although some variation in pain and outcome is explained by psychological and social variables 
(Hoogendoorn et al., 2000), biological factors such as control of movement, which determines tissue 
loading and nociceptive input, may be involved (Hodges et al., 2009). Understanding the mechanisms 
underlying movement related issues of ageing and pain is becoming increasingly important. 
Successful identification of mechanisms underlying falls and persistence of pain has the potential to 
make a major impact on health resources and quality of life for many individuals.  
Research is beginning to develop an understanding of motor control changes in pain and 
ageing. Observations suggest that gains can be made through probing the mechanisms of motor 
control through understanding variation and complexity of movement and balance. The following 
sections provide an introduction to these elements of control, how they may inform the understanding 
of adaptation to ageing and pain, and how they are measured. 
2.2 Variability and control system function 
Any movement we make is never precisely and exactly replicated. Bernstein referred to this as 
“repetition without repetition” (Bernstein, 1967, Figure 2.2) and this characteristic is ubiquitous of 
all biological systems. Human movement variability arises from a motor control system that includes 
many components that overlap in function and sensory feedback mechanisms, with an elaborate 
central nervous system (CNS) for processing information, planning, anticipating and controlling 
movement. This allows for movement behaviour that is adaptable to enable the optimal coordination 
that is required for a specific task (Feigenberg, 2014; Wolpert et al., 2011). The output of the motor 
Chapter 2: Background 
 7
control system can be observed and recorded. The manner in which the recorded signal changes over 
time (i.e., the dynamical nature of the signal) can offer insights into the functioning of the underlying 
control mechanisms (Lockhart & Stergiou, 2013). Altered movement variability with pathology has 
been observed (Kaplan et al., 1991; Sarbaz et al., 2012; Vaillancourt & Newell, 2003). It is for this 
reason that movement variability has received substantial attention in recent literature (Bruijn et al., 
2013; Stergiou et al., 2016). 
Figure 2.2. A cyclogram of the hammering motion. Aleksei Gastev (founder of the Central Institute of Labor in Moskou 
1920). Image reproduced from https://commons.wikimedia.org/wiki/File:Cyclogram_Gastev_TSIT.jpg. Copy rights 
under public domain. 
The dynamical nature of signals that represent human movement cannot be investigated using 
traditional linear methods such as mean and standard deviation. These methods assess an average 
value or the average distance around a central value and ignore the time-dependent dynamical nature 
of the signal. In contrast, non-linear methods are able to assess the underlying structure of signal 
variability. Several non-linear methods are available, and are based on different branches of 
mathematics, such as system dynamics and information theory. Non-linear methods based on system 
dynamics investigate the dynamical behaviour of non-linear systems (Strogatz, 1994a) and the 
methods based on information theory assess the information content of signals (Shannon & Weaver, 
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1949). Non-linear methods derived from both mathematical branches have been used to extract 
information from the variability of signals that reflect a part of the human motor control system (Gow 
et al., 2015; Hamill et al., 2012; Jiang et al., 2013; van Emmerik et al., 2016; Vieira et al., 2017). 
A major issue is that the interpretation of findings from non-linear methods has varied considerably 
in the literature. These differences in interpretation might depend on the theoretical framework used 
to explain findings, the mathematical construct of the measure, and the signal used for the 
investigation. In some cases, similar observations have led to opposite interpretations. For example, 
regular and predictable postural sway has been interpreted as a sign of maladaptation or to reflect 
pathological changes within the motor control system (Negahban et al., 2016; Zhou et al., 2017), 
whereas regular and predictable upper body movement patterns during walking are interpreted as sign 
of a healthy motor control system that robustly deals with disturbances to equilibrium (Bruijn et al., 
2013). This example highlights the differences in interpretation of the observed postural control 
strategies during the tasks of quiet standing and walking – one in which regularity is perceived to be 
maladaptive, and in the other to be an appropriate strategy. Regularity is an appropriate strategy and 
is linked ‘stability1’. Stable walking is important because stable walking reflects “…gait that does not 
lead to falls in spite of perturbations” (p2, Bruijn et al., 2013). It is paramount that any 
(small) perturbation from the environment (external; e.g., uneven walking surface) or within 
the body (internal; e.g., breathing, arm movements, motor noise) has to be dealt with to avoid 
summation of the perturbation effects which could eventually lead to loss of balance. Non-linear 
methods used to quantify stability in gait have a valid theoretical basis (Bruijn et al., 2013), can 
predict falls in walking models (Kurz et al., 2010; Su & Dingwell, 2007) and are linked with 
disturbances of balance control mechanisms (Sloot et al., 2011; van Schooten et al., 2011). If a 
system responds appropriately to small disturbances that naturally occur, the dynamical nature of 
the output of the system that reflects overall stability (such as movements of the center-of-mass 
[CoM], or of the upper body) would likely be regular and predictable. However, the interpretation 
of data from non-linear analysis of postural control during upright stance is less clear. 
The interpretation of variability is not straight forward and is often considered in terms of 
issues of ‘complexity’ and ‘regularity’. The reduced complexity with ageing and disease conceptual 
framework is often used in research that investigates postural control and guides interpretation of 
findings from non-linear measures. The reduced complexity with ageing and disease framework, how 
1 This thesis follows the description of stability by Bruijn et al., (2013) describing stability at three different perturbation 
levels. i) A system has to be able to recover from or limit the impact of small perturbations form internal (e.g., motor 
noise, breathing, etc.) or external (e.g., small changes in floor height, etc.) sources, also referred to as local stability 
described in Section 2.5.1.1, ii) system has to be able to recover from large perturbations that require a change in 
movement behaviour, iii) The perturbation cannot exceed the largest recoverable perturbation that is specified by the 
limits of the system. 
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it is used to interpret findings, their relevance for human motor control and the confusion that 
sometimes arises from its use is discussed in the next section. 
2.3 Reduced complexity with ageing and disease 
The dynamical nature of signals obtained from part of the control system are thought to give 
insight into the mechanisms of intrinsic control. As biological systems are considered ‘complex’ due 
to the many interacting components, the output of the system is also ‘complex’. Observed changes in 
the control system due to ageing and pathology have been interpreted as simplification and has led to 
a hypothesis of reduced complexity with ageing and disease (Lipsitz & Goldberger, 1992). Lipsitz & 
Goldberger (1992) considered that: “Healthy physiologic function is characterized by a complex 
interaction of multiple control mechanisms that enable an individual to adapt to the exigencies and 
unpredictable changes of everyday life” (p1806). The contrasting presentation of reduced complexity 
was conceptualised from observations of differences in heart rate variability in normal and 
pathological heart functioning (Goldberger & West, 1987) and observed loss of complexity in other 
physiological systems in ageing or pathological disease processes such as those that occur in the 
regulation of blood pressure (Kaplan et al., 1991) and brain activity (Frolkis, 1981), and the observed 
simplification of structure of the motor cortex (Scheibel, 1985) and bone (Mosekilde, 1988). 
It is hypothesised that changes in the underlying control mechanisms would greatly impact 
normal function and can be observed in the variability of its output. In the example of heart rate 
variability, pathological changes in the underlying system that control the heart can manifest as 
increased randomness (atrial fibrillation) or increased regularity (Cheyne-Stokes syndrome) of heart 
rate variability (Costa et al., 2008). The complexity of inter-beat variability of the heart reflects the 
complexity of the underlying control system. The autonomic control of the heart is regulated by the 
sympathetic and parasympathetic nervous systems and local circuit neurons. These receive input from 
higher centres, and feedback from mechanoreceptors and chemoreceptors, all interacting and 
communicating between and within different levels and at different time scales. This results in heart 
rate variability that is not random but contains a ‘complex’ structure that is meaningful and reflective 
of the complexity of the underlying control mechanisms (Goldberger, 1992). Because variability 
constructs such as regularity and randomness are considered to not reflect ‘complexity’, deviations 
of variability to these extremes are interpreted as ‘reduced complex’ and reflect pathological changes 
in the intrinsic control mechanisms (Goldberger et al., 2002). 
Healthy systems are expected to display a type of complex variability that reflects the 
‘complexity’ of the underlying control mechanisms. For example, more random variability of stride 
time in elderly compared to younger individuals, and in individuals with Huntington disease 
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compared to their healthy peers (Hausdorff et al., 1997) have been observed and this has been 
interpreted to suggest reduced complexity of the underlying control that leads to a reduced capacity 
to adapt to challenges. These examples suggest that variability of certain signals (that reflect part of 
the system function) is linked with age-related changes or pathology of the underlying control system 
(Ashkenazy et al., 2002; Hausdorff et al., 1997). Thus, it has been assumed that the dynamical nature 
of the signal contains information that reflects alterations in the intrinsic underlying control system. 
The reduced complexity with ageing and disease hypothesis (Lipsitz & Goldberger, 1992) has been 
used to investigate and to explain observations of impaired balance control with ageing (Kang et al., 
2009; Manor et al., 2010; Vaillancourt & Newell, 2002; Zhou et al., 2017) and adaptations due to 
pain (Negahban et al., 2010; 2016). 
Although the straightforward interpretations of complexity described thus far are logical, 
Vaillancourt & Newell (2002) suggested that the output of complex biological systems can exhibit 
increased or decreased ‘complexity’ and that the output depends on how the parts of the system are 
organised to meet task demands (Vaillancourt & Newell, 2002). This highlights that the output of 
biological systems depends on behavioural adaptations and that observed variations of the output do 
not always reflect intrinsic control mechanisms, but rather indirectly reflect its function, which can 
be observed through testing the adaptive capabilities. Put simply, high or low complexity of output 
does not necessarily mean that the control has high or low complexity, respectively. For example, Ko 
& Newell (2016) investigated the ability of young and elderly individuals to control postural sway to 
either be “as still as possible” or to “sway forwards and backwards” by providing visual feedback of 
the task demand (steady line or sine wave, respectively). Results showed that younger individuals 
were able to change postural behaviour to match the tasks constraints whereas the elderly were less 
able to do so. The young individuals’ ‘complexity’ of postural sway was consequently more regular 
than that of the elderly individuals during the balance task that required sway to be matched with the 
regular sine wave target, but when posture matched the steady line feedback the opposite was true. 
To reconcile this contrast, Manor & Lipstiz (2013) argued that to examine system functions one 
should consider whether the system is operating at resting or ‘free-running’ conditions. They 
suggested that the more ‘complex’ nature of steady state posture in younger than elderly individuals 
reflected a more ‘complex’ balance control system that enabled younger individuals to better adapt 
their posture to the sine wave target than elderly individuals. Nevertheless, in contrast to the example 
of heart function presented earlier, which is largely automatic, these observations question the 
assumption that intrinsic complexity of the underlying control mechanisms can be observed directly 
from signals that reflect postural sway. 
The output of the motor control system is the result of the collective function of the many parts 
and reflects some form of organisation among these parts (Pattee, 2012). Therefore, not all underlying 
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details can be observed from the output. This is sometimes referred to as the observer problem 
(Bradley & Kantz, 2015). The amount of detail that can be investigated of the underlying parts 
depends on the functional level (microscopic – macroscopic level) at which the recording was made. 
Measures made at microscopic or macroscopic levels provide different information about the motor 
control system and measurement of either one cannot always infer function of the other. For example, 
the degree of complexity in human motor control ranges from measurement of single motor unit 
activity (reflecting a motoneurone and the muscle fibres it innervates) to measurement of muscle 
activity from numerous summated motor units (using a single pair of electrodes) to muscle activity 
over the whole muscle (using a matrix of many electrodes) to concurrent activity of many muscles to 
measurement of body movements. These different levels provide different information regarding 
postural control: the central motor drive of a single motor unit; the central motor drive to a 
motoneurone pool; the coordination of central drives to different motor pools innervating a muscle; 
the organisation of activation of many muscles; and the overall resulting movements or kinematics 
as the net output of all underlying muscle activations that control posture and movement. Depending 
on the level of analysis, some details are lost but other information is gained. This is reflective of the 
limit at which intrinsic complexity of the underlying motor control system can be assessed. 
The reduced complexity with ageing and disease hypothesis highlights that different variability 
concepts might be linked with altered underlying control mechanisms due pathological changes. 
Stergiou & Decker (2011) in their theory of optimal movement variability, further elaborated on these 
variability concepts and further explored the link between variability and the ability to adapt to 
challenges. They emphasized that measures derived from system dynamics provide a better 
understanding of movement variability and how pathology affects movement variability than simple 
linear measures (Stergiou & Decker, 2011). The next section briefly explains their view on movement 
variability which is very similar the reduced complexity with ageing and disease hypothesis. 
Stergiou & Decker (2011) described in their theory of optimal movement variability that human 
movement variability should lay somewhere in between order and disorder (Huberman & Hogg, 
1986, Figure 2.3). Disorder would reflect a system that appears to have no control at all. Complete 
order would reflect a system that might be ‘stuck’ in a single mode of operation. At both ends of this 
spectrum, motor control could be interpreted as less optimal and would have limited responsiveness 
or flexibility. Limited responsiveness of a disorderly system might be linked with reduced 
performance to deal with the challenges leading to an unstable system. Limited responsiveness of a 
system that shows complete order is also be linked with reduced system performance, but in this case, 
performance is limited due to narrow operational modes of the system. 
 
Chapter 2: Background 
 12
 
Figure 2.3. Balance between order and disorder. Movement behaviour that is either characterized by order or disorder 
could be seen as unhealthy (figure inspired by Huberman & Hogg, 1986) 
In simple terms, a stable system may be considered one that deals with perturbations (internal 
and external) in such a way that the output results in regular stable patterns. Although ‘stability’ has 
a positive sounding description of an output, a system that is too stable could reflect one that is 
difficult to control or adapt and might result in a complete orderly system. For example, a large 
container ship maintains a direction that is very stable and predictable because of its size and inertia, 
but the features that make this path stable also make it challenging to adjustment or change direction 
quickly. Stergou & Decker (2011) emphasize that healthy functioning of the motor control system 
reflects a balance between stability and flexibility. The descriptions of the types of variability (order-
disorder / stable-flexible / regular-random / predictable-unpredictable) are used to describe similar 
concepts and mostly depend on the methods that are used to assess or describe the variability. 
The conceptual frameworks described above suggest that the type of movement variability 
reflects function of the motor control system during ‘steady state’ or when the motor control system 
is challenged. Whether or not this reflects intrinsic function as suggested by the reduced complexity 
with ageing and disease hypothesis is not always clear and likely depends what overall function the 
output of the system that is being recorded represents. The difference in the interpretation of non-
linear measures to quantify signals that contain balance related information between quiet stance and 
walking deserve further exploration. The reduced complexity with ageing and disease framework has 
been used to explain observations of balance control in elderly individuals. Although useful, this 
could potentially bias interpretations of non-linear methods. Regular postural sway might not reflect 
a motor control system that has limited capabilities. Whether or not regular sway is to be considered 
good or bad could be further investigated by combining non-linear methods with other theories of 
balance control such as the intermittent control theory (see Section 3.2.7) in which regular sway is 
inherently part of postural sway biomechanics, which is also reflected in the signal. Combining 
methods from different analysis disciplines could further gain insight into postural control and could 
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aid interpretation of non-linear methods in the context of upright balance control. This approach of 
combining methods was applied to understand changes in control of standing balance with ageing 
and its relationship to falls in Studies One & Two. 
Investigating the behaviour of the system by challenging the system could provide additional 
information and the manner in which individuals adapt could be extracted using non-linear methods. 
For example, more predictable / stable output would reflect increased control. Or less predictable 
more irregular output could reflect an inability to deal with the challenge. Both increase in balance 
difficulty or muscle pain can be viewed as challenges to the motor control system to test the manner 
in which it adapts to these ‘perturbations’. By quantifying the behavioural adaptation to these 
perturbations, further insight could be gained into changes with ageing and muscle pain. This 
approach was used in all Studies of this thesis. 
As suggested above, interpretation of the variability type is likely to depend on the output that 
is being recorded. The following section briefly describes the recorded outputs used in this thesis that 
reflects postural control during standing upright and walking. 
2.4 Biological signals that can be used to interpret the output of the motor 
control system 
There are many different outputs of the motor control system that could be used to investigate 
motor control. This thesis investigated postural control during upright stance and gait, and the 
following outputs of the motor control system were used. 
Center-of-pressure (CoP) was used to investigate postural control in standing. This commonly 
used output provides a proxy measure of the dynamics of standing balance or postural sway. CoP is 
the point application of the ground reaction force and reflects the baricenter of the contact surface 
pressure. CoP is not a true record of the motion of the vertical projection of the CoM of the whole 
body or body sway. CoP motion rather contains information regarding the moments (internal force) 
that are generated by the individual (Winter, 1995), i.e., active postural control to modulate the 
position of the CoM to stay within the support. 
Three-dimensional motion of the thorax relative to the external volume was used to investigate 
postural control during gait. Upper body motion is commonly used to investigate postural control and 
provides a proxy measure of gait dynamics. As a larger proportion of the body mass is located above 
than below the pelvis, regulating the upper body movements is important for balance control during 
gait by ensuring proper vestibular input and stable visual field (MacKinnon & Winter, 1993). 
Both CoP and thorax motion reflect how the CNS regulates the CoM to stay within the base of 
support (Horak, 2006) or how upper body is balanced about the supporting leg during gait 
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(MacKinnon & Winter, 1993). Balance regulation requires information about position and orientation 
of the body to enable the CNS to produce the appropriate muscle activations to regulate posture to 
maintain balance. This information is provided by a range of sensory systems, including 
somatosensory information from receptors in postural muscles and other tissues (e.g., tactile receptors 
in skin), the vestibular system, and the visual system. Each source of information is dynamically 
weighted and integrated by the CNS. Therefore, the signals representing CoP and thorax motion 
reflect the function of the balance control system. CoP motion was used in Studies One and Two to 
investigate balance control in elderly and young individuals and thorax motion was used in Studies 
Three and Four to investigate the effect of muscle pain on postural control during gait. 
Because thorax movement during gait is a macro-level output of the system, signals at lower 
levels of the system were also recorded. These signals represent the activity patterns of leg and trunk 
muscles (Study Three) and provide information about how activation of these muscles is organised 
during gait and whether or not changes in postural control during painful gait are linked with changes 
in the underlying organisation of motor control. This provides a more detailed analysis of the effect 
of experimental pain during gait. 
With the identification of the signals to be used, the following sections describe non-linear 
measures and justify the methods used to analyse and interpret postural control in the two groups of 
studies in this thesis. 
2.5 Methods for assessment of non-linear features of postural control signals 
Following on from the concept that variability in signals contains information that reflects 
system function, it is clear that linear methods provide limited information and are not sufficient to 
extract this information. Although the dynamical nature of the signal is not quantified using linear 
measures, amplitude related information can provide a general idea regarding movement control. For 
example, postural sway increases with ageing (Horak, Shupert, et al., 1989) and thorax motion during 
gait is also increased with age (van Emmerik et al., 2005). However, amplitude of variability provides 
only limited information regarding the underlying control system. 
Non-linear methods of system dynamics and information theory have been used to extract 
information from the dynamical nature of signals that reflect some part of the human motor control 
system. The following sections describe these non-linear measures and justify their use in this thesis. 
The purpose is to describe the measures and defend why they were chosen to analyse the signals 
collected in this thesis. This includes a brief review of the relevant literature that has used the 
described non-linear methods. 
Chapter 2: Background 
 15
2.5.1 Non-linear measures based on system dynamics 
System dynamics is a branch of mathematics that investigates the behaviour of systems that are 
governed by fixed laws (Strogatz, 1994b). This branch of mathematics investigates systems that are 
governed by different types of models (equations) that describe real life phenomena such as the 
dynamics of the weather patterns or population growth. Different methods of investigating non-linear 
systems have been developed that provide alternative perspectives of the behaviour of certain 
dynamical systems and when this behaviour qualitatively changes under certain parameter conditions. 
Alternative analysis methods or more graphical perspectives were developed to grasp the 
unpredictable random looking behaviour of systems that are nevertheless governed by clearly 
described laws of motion. These approaches have motivated the system dynamics approach to be used 
to investigate and explain observation in human motor control (Beek & van Santvoord, 1992; Hamill 
et al., 1999). Because system dynamics investigates the variability of systems of which the behaviour 
is depicted by fixed rules or laws, the observed variability can only be considered to be an inherent 
part of the system2. This matches the main assumption that variability of the output from motor 
control systems is not just noise but is inherently part of the system. Thus, it is presumed that 
investigation of variability would provide information about the system functions. 
The following sections describe the non-linear methods based on system dynamics theory that 
were selected for use in this thesis. To aid the reader to consider the reasoning behind this choice an 
example of a deterministic dynamical system (Lorenz system) is presented for illustration. This 
example is also used to illustrate the possible interpretations and limitations of these methods when 
used on signals that reflect ‘part’ of the motor control system. An explanation is provided as to why 
different measures were used to investigate postural control during standing and gait. 
The graphical approach to understanding non-linear systems was first developed by the French 
mathematician, Jules Henry Poincaré (1854-1912). Poincaré’s approach is explained by using a 
simplified model of the weather by Edward Lorenz (1917-2008). Figure 2.4 shows the time and 
geometrical representation of the Lorenz system (Lorenz, 1963). The Lorenz system is a simplified 
mathematical model of atmospheric convection that is governed using three coupled equations (of 
which two are non-linear, i.e., input is not linearly related to the output) that describe how the 
 
2 Systems that are governed by fixed laws are deterministic. In contrast to postural control system, deterministic systems 
do not have a choice; the system’s behaviour is determined by fixed laws of motion. Although the laws are fixed, the 
behaviour is not; due to non-linearities in the laws of motion, the system is sensitive to small differences in initial condition 
and is the cause of variability. Because the system is deterministic in origin,, the variability of these systems is also 
deterministic. Some authors consider that observed movement variability has a ‘deterministic nature’ (Stergiou et al., 
2006) if non-linear methods confirm that variability is not random. According to the definition, this deterministic 
variability does not allow choice or change in behaviour in the equation. Ascribing the concept of determinism to 
variability might not be the best way to describe biological systems that can change behaviour at will. 
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behaviour of the system changes with time (Lorenz, 1963). Because the equations of motion are 
known, this system is deterministic. In a deterministic system, previous positions of the system 
uniquely determine future positions (Strogatz, 1994c), and is the definition of determinism. The σ, ρ, 
and β parameters that are part of the Lorenz equation represent certain properties of the system, e.g., 
temperature differential. With certain known parameter values of the system, these equations generate 
time series that exhibit ‘random looking’ behaviour in time that does not seem to repeat exactly. 
Traditional time series analysis does not reveal the true nature of the system. Although the signal in 
time appears to be fluctuating in a random looking way, the overall behaviour of the system is ordered 
and can only be discovered when the results of each equation (representing a state or solution of the 
system) are plotted against each other (Figure 2.4). In this case, because the Lorenz system requires 
three states to be able to predict the subsequent state or solution, by plotting the states of the system 
against each other, information is gained about the overall structure of potential solutions. This 
volume is also referred to as ‘state space’. This graphical approach provides a unique view of the 
dynamical behaviour of the system and has been applied in human movement related studies (Bruijn, 
van Dieën, Meijer, & Beek, 2009a; Dingwell & Cusumano, 2000; Dingwell et al., 2007). 
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Figure 2.4. The Lorenz system. The three differential equations (i.e., formulation of how the signal changes over time) 
are displayed on the left of the time representations of the Lorenz system. With certain parameter values (e.g., s = 8/3, r 
= 28, b = 10) this system exhibits complex chaotic behaviour in time, which is only predictable over short time periods. 
In the bottom graph, the solutions of each equation plotted against each other and shows a 3-dimension geometrical 
representation of all system solutions. Time is represented by the flow in the 3-dimensional graph. 
The shape that appears in state space represents all possible solutions of the system and is 
referred to as the ‘main attractor’. Even if states are deliberately chosen outside the main attractor, 
subsequent solutions (or states) will be ‘drawn in’ and forever stay on the attractor. The attractor does 
not reflect a stable equilibrium or single point to which the system is attracted to or settles down to. 
x
y
z
dy/dt = x(ρ – z) – y
dz/dt = yx – βz
dx/dt = σ(y – x)
Time
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Instead, it reflects the overall stable behaviour of the system. This behaviour, however, is variable 
within the overall solution shape or attractor. In other words, the attractor reflects the behaviour 
repertoire of the system. Zooming into the behavioural repertoire or attractor would reveal new 
intricate details, that are characteristic of a fractal structure (Viswanath, 2004). This system is variable 
because seemingly close points in state space, or solutions that are very close, appear to separate 
exponentially quickly over time. The system is very sensitive to small differences in initial conditions 
due to non-linear differential equations. For example, Figure 2.5 shows a number of solutions that 
are close together (represented by the green dots in Figure 2.5), but in a short amount of time these 
solutions with similar initial conditions have spread over the whole attractor, as represented by the 
red dots. The duration in which the solutions stay together at the beginning reflects the horizon of 
predictability or the stability of the system (Lighthill, 1986). This shows that the behaviour of the 
Lorenz system can only be predicted over short time intervals reflecting a short horizon of 
predictability. Because the overall behaviour of the system is stable, as represented by the main 
‘attractor’, the sensitivity to small differences in initial condition within the main attractor reflects the 
‘local’ stability. 
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Figure 2.5. Sensitivity to small differences of initial conditions of the Lorenz system. The green dots on the right wing of 
the Lorenz attractor reflect solutions (or states) of the system that are very close. When the behaviour of the system is 
followed on the attractor beginning from these solutions, the distance between the point exponentially diverges over time, 
which is represented by the red small dots representing the behaviour of each green dot. The duration in which the 
solutions stay together at the beginning reflects the horizon of predictability or the stability of the system. 
The manner in which the system repeats itself and the sensitivity to small differences in initial 
conditions reflect some of the concepts of variability that are described in Section 2.3 such as stability, 
predictability and regularity. Investigation of these types of variability can be used to describe the 
behaviour of the system. A small difference in initial conditions can be viewed as a small perturbation 
to the system, and how the system behaves to this perturbation reflects the local stability of the system, 
thus reflecting the underlying control. It follows that if the output of the system is predictable it is 
also likely to be regular. Similarly, if the system is not sensitive to small differences in initial 
conditions it is likely to be stable but also reveals that the system might not exhibit flexibility or has 
a limited range of behavioural repertoires. 
Different types of analysis can describe the behaviour of a dynamical system and are linked 
with the different variability concepts described above. The analysis methods used in this thesis are; 
recurrence quantification analysis (RQA) and Lyapunov exponent or local divergence exponent 
x
y
z
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(LDE). The basic concepts described using the Lorenz system can be investigated using these non-
linear methods. For example, even though the Lorenz system is sensitive to small changes in the 
initial conditions, after some period of time, the system will return arbitrarily close to some previous 
state (Marwan, 2003). RQA describes how a system repeats itself, and LDE quantifies the sensitivity 
to small differences in initial conditions. 
Both the RQA and the LDE methods require a graphical view of the system solutions to portray 
its dynamical behaviour, i.e., a volume in which the solutions of the system are represented. However, 
the equations of motion of standing balance and walking are unknown, and we cannot measure or 
determine all possible states of the system to predict the future states. To overcome this problem, 
Takens (1981) provided evidence (Takens’ Theorem) that a recorded signal that reflects the dynamics 
of the investigated system, when embedded against time delayed copies of the signal itself, maintains 
the topology and flow dynamics of the original attractor (Figure 2.6 A). Therefore, to allow 
investigation of the dynamical behaviour not all information is required but can be extracted from 
recorded signals. This method is referred to as delay embedding. The space in which the solutions are 
plotted against each other is usually referred to as ‘phase space’. More detail is provided in each of 
the chapters that describe the individual studies of this thesis (Studies One, Two and Four) in which 
delay embedding was used. 
The following section discusses aspects that require consideration when examining the 
dynamical behaviour of the motor control system represented by a recorded signal using delay 
embedding. These are related to the fact that signals derived from biological systems are not purely 
deterministic, that the non-linear methods are affected by non-stationarity of signals, and description 
of the different concepts of variability that were mentioned in Section 2.3. The LDE and RQA 
methods are described first, followed by an explanation of fractal analysis. The latter has received 
little attention, but fractals are closely linked with dynamical systems that exhibit a ‘complex’ type 
of variability and reflect the ‘complexity’ of the geometrical structure of system behaviours. 
However, fractal analysis can also be used to investigate the temporal organisation of the variability 
and reveal the dynamics or fluctuation that recurs at many different time-intervals or time-scales. For 
example, the variability of the time between heel strikes during walking contains fluctuations at 
different time scales that can be quantified using fractal analysis methods. 
2.5.1.1 Local divergence exponent (LDE) 
LDE analysis is a tool for the analysis of non-linear dynamical systems by quantifying the 
sensitivity to small differences in initial conditions and thereby measuring the ‘local’ stability (Figure 
2.6). LDE also reflects the predictability of system behaviour within the overall behavioural repertoire 
as described in Section 2.5.1. If a system shows behaviour that is not sensitive to small differences in 
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initial condition, then the output of the system is regular / predictable. If the system is very sensitive 
to small differences in initial conditions, then the output of the system is irregular / unpredictable with 
varying ranges in between. Furthermore, a system output can be more unpredictable, but if its output 
is limited, the system can be considered as stable. 
 
 
Figure 2.6. Representation of local divergence rate of the Lorenz system. (A) State space using delay embedding of the x 
signal (30 s) of the Lorenz system using (s = 8/3, r = 28, b = 10) and is plotted against time delayed (т) copies of the 
signal. The exponential rate (λ) at which the nearby data points diverge are calculated using method described by 
Rosenstein et al. (1993). The inset in (A) shows a graphical representation of local divergence. (B) Representation of the 
mean log divergence over time. The orange line represents the exponential divergence rate of the Lorenz system (λ) ~0.9. 
The LDE measure has some limitations. It cannot be applied on systems that show non-
stationary behaviour, is sensitive to noise, and requires relative long data series (Bruijn et al., 2013). 
Non-stationarity and noise will bias the LDE measure and will incorrectly measure large sensitivity 
to initial conditions. LDE requires the overall behaviour to be stable as represented by a clear or 
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‘simple’ shape of the solutions in state or phase space. For example, the Lorenz system’s overall 
behaviour is ‘simple’ as shown by the overall shape of its attractor in state space. In this case all 
solutions, i.e., the overall behaviour of the system, are known and its local stability can be rigorously 
investigated. In other word, LDE requires ‘simple’ representation of the dynamics in state or phase 
space (Strogatz, 1994a). This is not always the case of signals measured from human motor control. 
There are some differences between the time series that represent postural control during 
standing and walking and are related with signal stationarity and overall system’s behaviour (as 
represented by an attractor in phase space). In contrast to upper body movements, CoP motion does 
not, in general, have a clear attractor in phase space. This is because many solutions are possible, 
which are represented by the support area but not all solutions might be ‘visited’. In addition, CoP 
motion is considered non-stationary. Although CoP motion is bounded by the support surface area, 
motion does not always adhere to clearly described dynamics. These characteristics are reflected by 
a more complex shape of the attractor in phase space than the attractor that represents upper body 
motion. This would bias LDE to measure large dependence on small initial conditions, and thus 
incorrectly quantify the system as locally unstable or as unpredictable. Therefore, the LDE measure 
was used for upper body motion and not for CoP motion in this thesis. 
In the case of upper body motion, a small difference in initial conditions is considered as a 
small ‘perturbation’. By measuring the divergence rate of these two similar trajectories in phase space 
that start with an almost identical solution, one can assess the ability of the postural control system to 
deal with small perturbations (Bruijn, van Dieën, Meijer, & Beek, 2009a). As described in Section 
2.2, it is important that small disturbances are controlled by the balance control system during walking 
to avoid summation of small perturbations which could lead to loss of balance control (Bruijn et al., 
2013). In this case, predictable regular behaviour (i.e., local stable behaviour) is interpreted to reflect 
good performance of the postural control system (Bruijn et al., 2013; Marin & Dingwell, 2004). 
2.5.1.2 Recurrence quantification analysis of CoP motion 
RQA is a tool for the analysis of non-linear dynamical systems based on quantification of its 
recurrent behaviour (Eckmann et al., 1987; Marwan, 2003; Marwan et al., 2007). Balance control is 
a continuous control process that involves dynamical integration of perceptions and actions to 
regulate the body’s CoM within the base of support (Horak, 2006). Limiting motion away from 
equilibrium could be viewed as a recurrent theme (Collins & De Luca, 1993; Delignières et al., 2011; 
Zatsiorsky & Duarte, 2000). The main advantages of the RQA method are that it does not assume 
stationarity of the signal and it can be applied to relatively short time series (Marwan, 2003; Marwan 
et al., 2007; Riley et al., 1999). This method has been frequently applied to investigate balance control 
by quantifying the recurrences of CoP motion (Howcroft et al., 2017; Riley & Clark, 2003; Riley et 
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al., 2012). Only a few studies have used the RQA method to investigate balance control in elderly 
individuals. 
As discussed in Section 2.5.1, The RQA method uses a geometric approach to analyse the 
dynamical behaviour of a system (Eckmann et al., 1987; Webber & Marwan, 2014). The recurrent 
behaviour of CoP motion within this phase space (Figure 2.7 A) can be displayed by a recurrence 
plot (Eckmann et al., 1987). The recurrence plot reflects a two-dimensional graph of recurrences and 
contains either values of ‘0’ or ‘1’ (binary matrix), of which ‘1’ reflects a recurrence within a 
predefined distance threshold value (Figure 2.7 B). From the recurrence plot, different types of 
recurrences of CoP motion behaviour can be identified, such as the deterministic (predictable) and 
laminar (intermittent) behaviour, as shown in Figure 2.7. The deterministic behaviour reflects CoP 
motion that recurs and then follows a similar CoP path over time compared to the previous CoP path. 
This results in diagonal lines in the recurrence plot. This behaviour is quantified as the percentage 
determinism (%DET), i.e., the fraction of all recurrences that form diagonal lines, and the mean and 
maximum length of the diagonal lines (duration of predictable motion; Lmean and Lmax, respectively). 
The laminar behaviour reflects CoP motion that recurs but then remains close to this recurrent 
position. This behaviour forms vertical lines on the recurrence plot and is quantified as the percentage 
laminarity (%LAM), i.e., the fraction of all recurrences that form vertical lines; and mean vertical 
line length, also referred to as trapping time (TT). Laminar behaviour of CoP motion could also be 
viewed as the presence of local ‘stable states’. RQA therefore assesses the predictability or regularity 
of CoP motion. 
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Figure 2.7. Recurrence plot of the Lorenz system. (A) State space using delay embedding of the x signal (30 s) of the 
Lorenz system using (s = 8/3, r = 28, b = 10) and is plotted against time delayed (т) copies of the signal. (B) The 
recurrences below the threshold r in state space. Diagonal lines in the recurrence plot represent behaviour of the system 
that is temporally and spatially similar (within threshold r). A diagonal line in the recurrence plot is visualized that shows 
this behaviour [diagonal line section in between the dashed light blue lines in (B)]. The two parts of the actual signal that 
represent this similar behaviour are highlighted in orange and light green in both state space (A) and in the signals 
underneath and to the left of the recurrence plot (B). The recurrence plot of the Lorenz system does not exhibit continuous 
vertical lines, because the signal does not get stationary enough (in relation to the recurrence threshold r). However, the 
recurrence plot does show ‘boxed in’ recurrences as highlighted by the orange box in the recurrence plot (B). This vertical 
region reflects some form of laminar behaviour that represents movements in either of the ‘wings’ of the Lorenz system. 
2.5.1.3 Fractality of CoP motion 
Fractals are intrinsically part of dynamic systems as they describe the geometry of the attractor 
in state space of certain dynamical systems, such as the Lorenz system (see Section 2.5.1). Fractal 
analysis can also be used to describe the structure of CoP motion in time. A fractal curve has the 
property that each smaller part resembles the whole, the smaller more zoomed-in part do not become 
less complicated, instead they remain equally complicated no matter the zoom level (Mandelbrot, 
1982a). By zooming in, more detail appears in the new view, this detail however, appears in a certain 
regular fashion (Mandelbrot, 1982a). These fractal curves can exhibit different levels of roughness or 
smoothness, as shown in Figure 2.8. This smoothness can be captured by the fractal dimension 
number. For example, in Figure 2.8 two different curves are plotted. They represent a form of motion 
called fractal Brownian motion using different numbers that represent smoothness (or roughness) also 
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referred to as Hurst exponent. A fractal dimension of ‘1’ would represent a line, and a fractal 
dimension of ‘2’ would represent a plane. These examples in Figure 2.8 lie somewhere in between 
‘1’ and ‘2’. The main observation is; the higher the fractal dimension, the rougher, or less smooth the 
curve. 
 
 
Figure 2.8. Two examples of fractal Brownian motion. The curve on the left (orange) was generated using a Hurst 
exponent of 0.9 and has a fractal dimension of ~1.11. The curve on the right (blue) was generated using a Hurst exponent 
of 0.7 and has a fractal dimension of ~1.43. A higher Hurst exponent (or lower fractal dimension) is related with smoother 
looking curves. 
Describing the topology of CoP motion in time using fractal-based measures can help to 
describe the underlying balance control (da Costa Barbosa & Vieira, 2017). Several fractal-based 
methods enable estimation of fractal dimensions. Although detailed description of all of these 
methods falls outside the scope of this thesis the basic idea behind these measures is the same. 
Detrended fluctuation analysis (DFA) developed by Peng et al., (1994) is used in this thesis and has 
frequently been used to assess CoP motion (Amoud et al., 2007; da Costa Barbosa & Vieira, 2017; 
Wang & Yang, 2012). DFA is a commonly used method which assesses the smoothness of the curve 
by estimating the number that represents the regular fashion in which details are entered in with each 
zoom level. The inverse of the DFA value is related to the fractal dimension. Because of 
biomechanical constraints, no further detail is revealed are at both small and large zoom levels. 
DFA measures the amplitude of CoP fluctuations at different time-scales and uses this 
information to estimate how amplitude scales with zoom level (Peng et al., 1994). The time-scales 
are representative of the ‘zoom-level’ and the ‘details’ are represented by the amplitude that is 
revealed. The amplitude at the different time-scales is quantified as the amplitude of the residuals 
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when the zoomed-in CoP motion part is fitted with a first (or higher) order regression line (Peng et 
al., 1994). This method, therefore, ignores any linear (or higher order) trends within the data, hence 
the name ‘detrended’ fluctuation analysis. Peng et al., (1994) introduced detrending to account for 
non-stationarities within signals that are contributed to extrinsic factors. CoP motion reflects a curve 
that has defined boundaries, because it is bounded by the support surface area, but CoP motion is 
non-stationary within its boundaries (Delignières et al., 2011). The non-stationarity of CoP motion is 
not caused by extrinsic factors, but instead reflects balance control mechanisms (Duarte & Sternad, 
2008; Riley et al., 1999). Despite removing linear or higher order trends from the data, empirical 
evidence suggests that the scaling factor is estimated accurately in well-defined test cases such as 
fractal Brownian motion, in which no extrinsic factors are present that could cause non-stationarities 
in the data (Bryce & Sprague, 2012). For example, in Figure 2.8, two examples of fractal Brownian 
motion are given with known scaling factors of 0.9 and 0.7, respectively. The DFA algorithm used in 
this thesis gives reasonable estimates of these example Brownian motion scaling factors; 0.91 and 
0.71, respectively (Figure 2.9). The DFA method is widely used in CoP motion analysis (Amoud et 
al., 2007; Golinska, 2012; Terrier & Dériaz, 2011; Wang & Yang, 2012) which enables comparison 
between studies. 
The regular fashion in which detail enters in new time-scales or zoom levels is determined by 
the DFA method and is referred to as the scaling factor. This new detail is described as ‘amplitude’ 
and therefore reflects a form of statistical self-similarity. The scaling of amplitude at different time-
scales is estimated from the linear relation on a log-log plot of amplitude versus the different time-
scales. This reflects the exponential relation between amplitude and time, i.e., the scaling factor. If at 
shorter time-scales relatively less amplitude is measured compared to longer time-scales, then the 
signal is smooth in appearance, tends to continue to move in the same direction or is persistent (Figure 
2.9). In contrast, when more amplitude is measured at shorter time scales, the signal appears rough 
or less smooth and tends change direction more or is anti-persistent (Figure 2.9.). 
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Figure 2.9. Detrended fluctuation analysis (DFA). DFA are displayed of the two examples of fractal Brownian motion 
used in Figure 2.8. The amplitude of fluctuations (y-axis) at the different time scales (x-axis) are plotted against each 
other on a log-log plot. The linear relation between fluctuations and time scales reflects the scaling exponent (Hurst 
exponent). The orange curve was smoother than the blue curve and shows relative less amplitude of fluctuations at short 
time scales (left side of x-axis) and relative more amplitude of fluctuations at longer tine scales (right side of x-axis) than 
the blue curve. 
Interpretation of the DFA measure when used in human movements is not always straight 
forward. Self-similarity or long-range correlations are reflective of the organisation of amplitude at 
different time-scales, and is thought to reflect motor control that poises between order and disorder 
(Delignières et al., 2011). This is because exhibiting fluctuations at different time-scales is opposite 
to exhibiting fluctuations at a single time-scale, reflecting order or simplistic motion. Self-similarity 
is thought to arise from the collective behaviour of a complex system (Peng et al., 1998). For example, 
balance control is a multi-level system which incorporates many sensory inputs to regulate balance, 
resulting in CoP motion with a ‘complex’ structure, which is not random (Delignières & Marmelat, 
2013). However, a system does not necessarily have to have a complex control system as long-range 
correlations can also be observed in simple mechanical models such as passive walkers (Gates & 
Dingwell, 2009). The other synonyms of the DFA method, such as long-range correlations, and 
memory, reflect that current CoP positions are influenced by past positions. For example, smoother 
signals have stronger correlations than rougher / less smooth signals. 
2.5.2 Non-linear measures based on information theory 
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2.5.2.1 Sample Entropy 
Entropy based measures are the most commonly used non-linear measures used to investigate 
CoP motion in elderly individuals. Entropy measures are based on information theory, which is a 
well-defined concept (Shannon & Weaver, 1949). Entropy describes the information that is gained 
by additional measurements. If additional measurement results in new information, then entropy is 
high. If additional measurement does not result in new information, then entropy is low. For example, 
flipping a coin can result in either ‘heads’ or ‘tails’ and the probability of the coin landing on either 
side is 50%. Although the result is unpredictable, no further information is gained by flipping the coin 
many times. 
Measurement of information content using entropy based measures has led to the 
interpretation that physiological signals containing a large amount of information are ‘complex’ 
signals (Pincus, 1991). This complexity is thought to reflect the ‘complexity’ of the underlying 
control mechanisms (Richman & Moorman, 2000). Different methods to assess entropy of time series 
have been developed, such as approximate entropy (Pincus, 1991) and sample entropy (Richman & 
Moorman, 2000). Both methods are based on matching templates within the signal, with sample 
entropy excluding self matches. With sample entropy, the template length is usually two samples long 
(M=2) and the threshold distance (r) below which a template match is defined is commonly set ~15-
20% of the standard deviation of the investigated signal (Richman & Moorman, 2000). The basic idea 
behind sample entropy is like information theory. For example, consider the first two samples of a 
CoP signal as a template, then CoP data points are found that match the template (within threshold 
r), i.e., the matched data points have a similar amplitude and temporal structure. If adding one sample 
to the template (which could be viewed as making a new measurement), still resulted in a template 
match (i.e., the number of original templates does not change), then no additional information is 
gained, and the signal would have a low entropy (Figure 2.10). Entropy is calculated as the negative 
natural logarithm of the conditional probability that adding one additional sample to the template 
would still result in a match. In the case of this example, if 100 initial matches were found, and 100 
templates remained after adding one sample to the template: entropy = - log (100/100) = 0. If 50 
templates were lost by adding one to the original template: entropy = - log (50/100) = 0.69 and would 
reflect a signal that contains more information. 
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Figure 2.10. Sample entropy using template matching. A simulated time series (p[1] -p[n]) is shown with arbitrary units 
(A.U.). Sample entropy is calculated using M=2 and threshold level (r) is set at 20% of the signal’s standard deviation 
and is represented by the dashed grey lines. Each pair of dashed grey lines represents p[1] ± r, p[2] ± r, and p[3] ± r and 
all data points that fall within this threshold are coloured in green, red, and blue, respectively. Consider the templates of 
M=2, that match p[1]-p[2]: p[13]-p[14], and p[43]-p[44]. When one additional data point p[3] is added to the template 
p[1]-p[2], the template p[13]-p[14] is not a match anymore. Figure adapted from (Costa et al., 2005). 
Template matching is compromised if the signal is not stationary. Therefore, signal 
stationarity is an assumption of this type of entropy analysis (Busa & van Emmerik, 2016). A signal 
is statistically stationary if mean, variance and autocorrelation do not change over time. If the signal 
is not stationary, which is usually the case with CoP motion, the reliability of the entropy estimate is 
affected, as entropy is estimated from viewer template matches (Richman & Moorman, 2000). 
When adding one additional sample to the template, information content is only assessed at 
the time-scale that reflects the time of adding, i.e., the rate at which CoP motion was sampled. 
Therefore, sample entropy estimate at the sampling rate time-scale is strongly dependent on high 
frequency content within the signal and perhaps measurement noise, and therefore has limited 
physiological interpretability (Costa, Goldberger, & Peng, 2002a). 
2.5.2.2 Multiscale sample entropy 
To counter the major drawback related to high frequency content, Costa et al. (2002a) 
developed the multiscale sample entropy algorithm (MSE). The basic sample entropy algorithm 
remains; however, the CoP signal is ‘coarse grained’ at different time-scales. Coarse graining 
involves dividing the time-series into non-overlapping windows of different time lengths that are 
equal to the time-scales of interest (Costa, Goldberger, & Peng, 2002a) and is shown in Figure 2.11. 
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Figure 2.11. Coarse graining of a time series. The figure represents a schematic illustration of ‘coarse graining’ procedure 
for scales 2-4. Original time series is represented by x1-xn and is coarse grained into y at different time scales represented 
by solid grey circles (dark grey = scale 2, medium grey = scale 3, light grey = scale 4). Figure adapted from (Costa, 
Goldberger, & Peng, 2002b) 
Entropy is estimated at each of these ‘new’ coarse grained CoP signals, each reflecting information 
content related to the time-scale at which the CoP signal was coarse grained. The entropy estimates 
at the time-scale of interest are summed to provide an overall estimate of information content of the 
signal (Costa, Goldberger, & Peng, 2002a). Greater value of the summed entropies is related to a 
signal that contains more information, and is interpreted as more ‘complex’ (Busa & van Emmerik, 
2016; Costa, Goldberger, & Peng, 2002a; Gow et al., 2015). Adding additional scales allowed a better 
distinction between random signals (which are not ‘complex’ but contain a lot of information) and 
‘complex’ signals (Costa et al., 2005). While random signals have a high entropy at short time-scales, 
coarse graining a random signal would result in very predictable signals. Entropy would thus 
monotonically drop with increasing time-scales, in contrast to physiological based signals that are 
likely to contain information at longer time-scales (Busa & van Emmerik, 2016; Gow et al., 2015). 
This notion added to the applicability of the MSE measure for biological signals. However, 
methodological heterogeneity of studies that have used MSE in postural control makes comparisons 
between studies difficult (Gow et al., 2015). More detail was provided in a review by Gow et al. 
(2015). Briefly, key differences between studies were related to length and sampling rate of the CoP 
motion recording, the analysed signal frequencies, the point matching tolerance (r) and template 
length, and how CoP was prepared to limit impact of non-stationarities in the CoP motion signal. 
Each of these differences would modify the output of the analysis to an extent that would render it 
impossible to contrast findings between studies. In addition, depending on the underlying temporal 
structure of the data, subsequent coarse graining can result in monotonically decreasing (e.g., with a 
white noise signal) or increasing entropy values (e.g., with a signal with finite correlation time, such 
as CoP). Increasing entropy values of the latter example is the result of decorrelation of the signal 
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due to averaging (Thuraisingham & Gottwald, 2006). In either case, the summing of the entropy 
values could result in a similar overall MSE value. Although MSE assesses overall signal irregularity 
it could therefore be beneficial to combine MSE with RQA to aid interpretation regarding regularity 
of CoP motion. 
2.6 Changes in the systems that affect movement control 
The preceding sections aimed to provide a background to the conceptual model of movement 
control that was tested in this thesis and the methods that are available. The following sections 
describe the effect of ageing on the balance control system and how this could impact the ability to 
adapt to postural challenges. Then, a short summary of prospective studies that investigate balance 
control is provided and gaps in the literature are highlighted. Studies that investigate postural control 
using RQA, DFA and MSE methods and their interpretations and limitations are then described. 
The main goal of postural control is to regulate the body’s CoM to stay within the base of 
support (Horak, 2006). This requires information about position and orientation of the body to enable 
the CNS to produce the appropriate muscle activation patterns. This information is provided by a 
range of sensory systems, including somatosensory information from mechanoreceptors in postural 
muscles and other tissues (e.g., tactile receptors in skin), the vestibular system, and the visual system. 
Each source of information is dynamically weighted and integrated by the CNS based on the 
availability of the information and the validity of sensory information in relation to the controlled 
balance task. In normal stance, it has been proposed that approximately 70%, 20% and 10% of 
positional information is provided by the somatosensory, vestibular and vision systems, respectively 
(Horak, 2006). Age-related changes in any of these systems negatively affects balance control (Horak 
et al., 1989), thus the ability to control standing balance is a major challenge for many elderly 
individuals (Horak et al., 1989). 
There are several literature reviews available describing age-related changes of the motor 
control system (Andersen, 2003; Bemben, 1998; Byrne et al., 2016; Deschenes, 2004; Doherty, 2003; 
Frontera, 2017; Goble et al., 2009; Harridge & Lazarus, 2017; Hepple & Rice, 2016; Konrad et al., 
1999; Lauretani et al., 2003; Lord et al., 2016; Manini et al., 2013; Sleimen-Malkoun et al., 2014; 
Viña et al., 2016). The following sections provide a brief overview of the literature regarding age-
related changes in the sensory-motor system. 
2.6.1 Age-related changes in the musculoskeletal system 
A general loss of skeletal muscle mass and muscle strength is observed with age and is 
associated with a decline in physical function and functional performance, affecting common daily 
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activities such as standing balance and walking (Rosenberg, 1989). This is referred to as sarcopenia, 
which represents the combination of muscle atrophy and loss of motor function. Muscle atrophy 
occurs from an early age (30 years) at approximately ~1.5% per year (Frontera et al., 2000), and is 
linked with lifestyle factors such as reduced physical activity. Although muscle atrophy is a major 
contributor to loss of muscle strength (Frontera et al., 2000), a multitude of other factors also 
contribute to reduced muscle strength. For example, the ability to recruit motor units (Reid et al., 
2014) and therefore the ability to generate force is affected (Hepple & Rice, 2016). Loss of muscle 
fibre number is accompanied by a reduction in average muscle fibre cross-sectional area for both type 
I and II fibres (Frontera, 2017). Not only is the ability to produce force affected, reduced contractile 
velocity of the muscle affects the ability to produce force quickly (power) due to loss of motor units 
(Hunter et al., 2016), and loss of fast contracting type II muscle fibres (Nilwik et al., 2013). Notably, 
the ability to produce muscle power declines at ~3% per year (Reid et al., 2014), faster than the 
atrophy rate. Finer motor control is also affected with age. The muscle fibres previously innervated 
by lost motoneurones can be (partially) reinnervated by sprouting of surviving motor units, resulting 
in increased number of muscle fibres innervated by a single motoneurone (Harridge & Lazarus, 2017; 
Hepple & Rice, 2016; Piasecki et al., 2016). 
Taken together, age-related changes to musculoskeletal function are major contributors to loss 
of functional mobility and frailty, which in turn increases risk of falls (Doherty, 2003). These changes 
reflect a narrowing of the normal functional range of the musculoskeletal system and could limit the 
effectiveness of postural responses during upright stance. 
2.6.2 Age-related changes in the sensory system 
 Sensory systems are important to detect changes in posture and limb positions and to generate 
an overall sense of posture. Combined sensory information contributes to the internal representation 
of body posture also referred to as the postural scheme (Haggard & Wolpert, 2005; Head & Holmes, 
1912). Somatic sensation involves afferent input from receptors such as muscle spindles and skin 
receptors, which is processed by the CNS to construct a higher-order cognitive spatial body 
representation or body scheme (Haggard & Wolpert, 2005). This body scheme is crucial for postural 
control, because a coherent spatially organised body scheme allows the nervous system to solve issues 
that relate to discrepancies between information from different sensory sources (Haggard & Wolpert, 
2005). Several somatosensory information modalities are dynamically integrated by the CNS to 
generate a coherent postural sense of upright (Horak, 2006). Situations in which different sensory 
systems provide conflicting information occur frequently, for example, walking from a firm to an 
uneven ground surface (which will compromise the usefulness of somatosensory information from 
the feet/ankle muscles), and entering an unlit room from a lit room (which will compromise the utility 
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of visual information). These changes in the environment require quick and flexible reorganisation 
or re-weighting of sensory information. During quiet stance, most postural sway occurs about the 
ankle axis, therefore changes in length of muscles that cross the ankle joint provide postural 
information that is dynamically combined in the CNS with vestibular and visual information (Horak, 
2006). When standing on a compliant surface, changes in ankle angle occur due to the softness of the 
support surface independently from body sway and this reduces the capacity of the proprioceptive 
information to represent upright posture (Kiers et al., 2012). However, due to a coherent 
representation of upright sense or body scheme derived from multiple sensory modalities, discrepant 
proprioceptive information from the calf muscles can be down-weighted or ignored by the CNS 
(Proske & Gandevia, 2012). The coherent internal body scheme is also a reference frame to which 
somatosensory information is compared in order to interpret changes in body segments or upright 
posture (Proske & Gandevia, 2012). Ageing affects the ability to flexibly reweight proprioceptive 
information and this will contribute to an increased risk of falls (Eikema et al., 2013; Pasma et al., 
2015). Testing balance control with different sensory challenges, such as combinations of eye closure 
and difference in support surface compliance has been used to evaluate balance function with ageing 
and neurological disorders (Horak, 1997; Sturnieks et al., 2008) and could highlight age-related issues 
in the ability to dynamically reweight sensory information which could underpin falls risk. Examining 
postural control using non-linear methods could provide detailed information regarding motor control 
during these different balance challenges. 
 There are many sensory organs that provide information about joint position, such as the those 
in muscle tendons (Golgi tendon organs), skin and connective tissues (Paciniform corpuscles), muscle 
free nerve endings (respond to metabolic status of the muscle), and sensory organs within the muscle 
(muscle spindles, MacIntosh et al., 2006). Muscle spindles are considered to be the primary sensory 
organs that provide a sense of limb position, movements and posture (Clark et al., 1985; Gandevia et 
al., 1992; Proske & Gandevia, 2012). Muscle spindles lie parallel with the muscle fibres, and are 
interconnected with the muscle fibres that make up the muscle bulk (MacIntosh et al., 2006). Muscle 
spindles respond to an increase in muscle length and therefore provide the sense of joint position 
(Proske & Gandevia, 2012). If the muscle serves a postural function, then afferent information from 
the muscle spindles is also dynamically integrated to contribute to the formation of the body scheme 
(Horak, 2006). Muscle spindles are the sensory organ that contribute to the muscle stretch reflex, and 
also respond to length changes during activation of the muscle (Proske & Gandevia, 2012). 
Age-related changes affect the integrity of the sensory system, and have been observed at 
different levels; ranging from peripheral function of sensory organs (Goble et al., 2009; Menant et 
al., 2012), visual function (Lord & Dayhew, 2001; Teasdale et al., 1991) to the function of central 
integration of somatosensory information (Freiherr et al., 2013; Goble et al., 2011; Manini et al., 
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2013). The main observation is that with age, the sensitivity of the sensory systems to detect change 
is reduced (Goble et al., 2009; Hurley et al., 1998; Lord et al., 2003). This is commonly tested by 
assessing the accuracy of limb repositioning to match an earlier specified joint angle; matching the 
joint angle of the contralateral limb, or by detecting a movement threshold. All of these proprioceptive 
tests show that test performance reduces with ageing (Goble et al., 2009). For example, the threshold 
to detect knee joint motion is higher in elderly individuals than young (Skinner et al., 1984), and with 
modelling this was identified as a decline of 0.06% / year (Skinner et al., 1984). In addition, the 
dynamic position sense of the ankle joint is reduced with age (Verschueren et al., 2002). Reduced 
acuity of joint movement and position sense has been linked with falls that are reported 
retrospectively and prospectively (Lord et al., 1994). This suggests that acuity is an important factor 
for balance control and that these tests are linked with functional performance such as standing 
balance (Lord et al., 1991; 1994; McChesney & Woollacott, 2000). In support of these observations, 
a review by Shaffer & Harrison (2007) concluded that ageing is related to a decline in morphology 
and physiological functioning of several peripheral sensory organs, such as muscle spindles and Golgi 
tendon organs and their neurons, a preferential loss of distal large myelinated sensory fibres and 
receptors (including the muscle spindles and touch mechanoreceptors), and impaired distal lower-
extremity proprioception. Although it is generally observed that postural sway is increased in elderly 
individuals, this has two possible interpretations. First, it could indicate greater error secondary to 
reduced sensory quality (i.e., poor balance). Second, it could reflect an adaptation to increase 
movement to ensure motion is above the detection threshold of the sensory system (i.e., purposeful 
adaptation). Although these two options would not be able to be discriminated with simple linear 
analyses of CoP, evaluation of the time-dependent aspects of the CoP with non-linear measures 
provide an opportunity to determine whether increased sway reflects poor balance control or reflects 
a successful adaptation to reduced function of the balance control system. This was an important 
foundation for the data analysis undertake in Studies One and Two. 
Experimental manipulation of muscle spindles can be achieved with low amplitude, high 
frequency (~50Hz – 100Hz) muscle vibration (Eklund, 1972; 1973; Ivanenko, Grasso, et al., 2000; 
Roll & Vedel, 1982; Roll et al., 1989). The low amplitude vibrations transfer through the muscle to 
the muscle spindles and excite the muscle spindles resulting in increased firing rate of the muscle 
spindle afferents (Hagbarth & Vallbo, 1968). Because muscle spindle afferents increase firing rate in 
response to increased muscle length, muscle vibration is generally perceived as if the vibrated muscle 
is lengthening (Eklund, 1972). When the vibrated muscle serves a postural function, such as the calf 
muscle, vibration affects the sense of upright (Duclos et al., 2007; Eklund, 1972; Wierzbicka et al., 
1998). When the calf muscles/tendon are vibrated, upright posture is perceived to be inclined forward 
in line with a perceived increase in length of the calf muscles (Eklund, 1972). In response, upright 
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posture is adapted by leaning backwards to compensate for the perceived forward lean (Brumagne et 
al., 2013; Eklund, 1972). In line with the example of standing on a firm surface or foam surface, 
Ivanenko (2000) showed that the postural response to vibration is reduced when standing on a balance 
board (unstable surface) compared to the response to muscle vibration when standing on a stable 
surface. This reflects that the CNS dynamically down-weights the proprioceptive information from 
the ankle muscles when this information does not reflect or cannot be used for upright posture 
(Ivanenko et al., 2000). 
Vibration of postural muscles has been used to test the function of the proprioceptive system. 
In this way, Brumagne et al. (2004) observed that individuals with low back pain compared to pain-
free individuals displayed a relatively greater postural response (mean displacement of CoP) when 
the ankle muscle was vibrated compared to when the lower back muscles were vibrated. The authors 
inferred that utility of somatosensory information for postural control was modified in individuals 
with low back pain, characterised by relative down regulated lower back proprioceptive information 
(Brumagne et al., 2004). Muscle vibration has also been used to test the proprioceptive function in 
the elderly (Abrahámová et al., 2009; Albert et al., 2006; Quoniam et al., 1995). 
 Muscle vibration has been used to test proprioception in an attempt to provide a more 
functional measure than tests that evaluate repositioning and acuity which are both simple and rely 
on cognitive input and may not reflect automatic utility of proprioceptive inputs. However, findings 
are somewhat less clear for studies of vibration than studies that used simple proprioceptive acuity 
tests. This might be because the studies that used muscle vibration had small participant numbers, 
and /or the response to muscle vibration is more complicated to interpret as it reflects the peripheral 
function, the weighting applied by CNS to the proprioceptive information during a functional task, 
and the capacity of the postural muscles to respond. When comparing the postural response to 
vibration between young and elderly individuals, some studies observed no difference (Abrahámová 
et al., 2009; Brumagne et al., 2004), a lower response (Hay et al., 1996; Pyykko et al., 1990; Quoniam 
et al., 1995), or a greater response in postural sway (Maitre et al., 2013) in elderly than young. 
Interestingly, Brumagne et al. (2004) showed that the elderly took longer to regain balance after the 
vibratory stimulus was removed compared to young, and might reflect a reduced ability to reweight 
proprioceptive information after it has been disturbed using vibration. 
The ability to reweight between sensory information modalities, as discussed above, reflects 
an important function in everyday activities to ensure stable balance. This suggests that altered central 
postural control mechanisms underpin some of the reduced balance control observed in the elderly 
(Goble et al., 2009). Post muscle vibration balance unsteadiness was also observed by Hay (1996) 
and Teasdale & Simoneau (2001). In addition, Goble et al. (2011) showed that calf muscle vibration 
was linked with activity in the parietal, frontal, and insular cortical areas of the brain (a network 
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responsible for salient sensory stimuli) in both young and elderly individuals. However, lower brain 
activity in the elderly compared with the young was linked with reduced balance performance. This 
could potentially be explained by age-related degenerative processes of the brain (Raz & Rodrigue, 
2006; Walhovd et al., 2011) and reduced grey matter of the primary somatosensory cortex (Good et 
al., 2001). These age-related central changes affect the central processing of somatosensory 
information. Evaluation of the time-dependent aspects of the CoP with non-linear measures after 
ankle muscle vibration provides an opportunity to determine the type of variability during this 
unsteady period after vibration (regular or irregular), providing detailed information regarding 
postural control. This principle was used in Study Two. 
These findings show that ageing is related to a narrowing of the normal physiological function 
of the sensory motor control system, which could affect the ability to respond to balance challenges. 
Separate studies have shown impaired acuity/accuracy and impaired reweighting. A particularly 
interesting observation of potential importance is that of altered balance control in the elderly after 
removal of muscle vibration, a period in which re-weighting of sensory information is required. This 
challenge to balance control has the potential to provide novel insight into changes in postural control 
with ageing, but current analyses have been limited to linear measures of CoP which can only provide 
limited interpretation of the modified response. Temporal dynamics of CoP motion could further 
increase our understanding of how ageing affects the multiple components of balance at different 
time scales. Although a possible candidate measure, it is not known whether the ability to reweight 
sensory inputs to minimise balance unsteadiness during and after vibration differs between 
individuals who subsequently report or do not report falls. This was investigated in Study Two. 
2.7 Balance control and prospective falls 
Studies that investigated differences in balance control between elderly individuals who 
subsequently reported or did not report falls have mostly used linear methods to quantify CoP motion. 
The review of Piirtola & Era (2006) and the results from several prospective studies after 2006 suggest 
that linear methods do not always distinguish between individuals with different falls risk. 
There is great discrepancy in the literature. Some prospective studies observed a positive 
relation between sway amplitude and subsequent falls (Bauer et al., 2016; Johansson et al., 2017; 
Kwan et al., 2012; Pajala et al., 2008; Siong et al., 2016), but others did not (Buatois et al., 2006; 
Delbaere et al., 2006; Howcroft et al., 2017; Siong et al., 2016; Zhou et al., 2017). The fact that some 
studies observed differences between fallers and non-fallers in sway amplitude could potentially be 
explained by reduced physical capacity observed at baseline in the fallers groups compared to the 
non-fallers groups in most of these studies (Johansson et al., 2017; Kwan et al., 2012; Pajala et al., 
Chapter 2: Background 
 37
2008; Siong et al., 2016). Both Pajala et al. (2008) and Kang et al. (2013) investigated the relation 
between balance control and indoor and outdoor falls, and only observed increased sway amplitude 
in elderly individuals who subsequently fell indoors. Furthermore, Kwan et al. (Kwan et al., 2012) 
only observed increased sway in multi-fallers. Indoor fallers and multi-fallers exhibited reduced 
physical capacity compared to outdoor fallers and single fallers (Kang et al., 2013; Kwan et al., 2012; 
Pajala et al., 2008). However, both studies of Bauer et al. (2016) and Kwok et al. (2015) did not 
observe differences in physical capacity or co-morbidities between fallers and non-fallers. The fallers 
group of Kwok et al. (2015) study was relatively small (n=18) and might not have had sufficient 
statistical power to detect differences. 
Challenged balance control has been shown to affect fallers and non-fallers differently. 
Buatois et al. (2006) challenged balance control by providing contradictory sensory information 
regarding posture and observed that fallers have greater difficulty with balance control in these 
sensory challenging situations. In addition, sway amplitude with eyes open during semi-tandem 
stance (Pajala et al., 2008), standing on a foam surface (Kwan et al., 2012), or narrow stance (Bauer 
et al., 2016), were also positively related with subsequent falls. As described above, Pajala et al. 
(2008) and Kwan et al. (2012) observed lower physical capacity in fallers compared to non-fallers, 
whereas Buatois et al. (2006) and Bauer et al. (2016) did not observe clear differences in physical 
capacity between fallers and non-fallers. Balance tasks that were more challenging than the ones 
described above, such as tandem stance (Pajala et al., 2008) did not provide additional information to 
separate fallers from non-fallers, and suggests that this balance task was too difficult for all elderly 
individuals, thereby washing out differences in balance control between fallers and non-fallers. 
Although linear methods sometimes show differences between individuals who subsequently 
reported falls or did not reported falls, linear measures do not characterise the dynamical nature of 
sway and provide limited information regarding postural adaptations in response to challenges of 
upright balance control. Assessing the dynamical nature of CoP could provide further information 
regarding adaptation strategies. This was investigated in Studies One and Two. 
Three studies also used methods other than linear measures of CoP. Kang et al. (2013) estimated 
balance stiffness and damping by modelling balance as an inverted pendulum; Kurz et al. (2013) use 
stabilogram diffusion analysis; and Zhou et al. (2017) used MSE methods to assess balance 
complexity. Stabilogram diffusion analysis (Collins et al., 1995) was used by Kurz et al. (2013) to 
quantify speed of CoP motion (i.e., diffusion) away from current CoP positions at short- and long-
time intervals, and is referred to as short- and long-term diffusion of CoP motion, respectively 
(Collins & De Luca, 1993). Using that method, the authors showed that falls risk was linked with 
CoP motion that diffused faster and longer. However, this study was limited to stance with a narrow 
base of support, it is unclear whether differences existed during normal stance and how individuals 
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adapted to the challenge of narrow stance. Important information regarding balance control is 
missing. The main advantage of diffusion analysis over linear amplitude methods is the ability to 
separate CoP motion speed at different time-scales, thereby providing information regarding the 
balance strategy at short-time intervals (~ up to 1 s) and longer time intervals. (~ up to 10 s). This 
method was not used in this thesis, as DFA provides similar information. The study of Kang et al. 
(2013) that assessed postural stiffness showed that lower stiffness was linked with falls risk (Kang et 
al., 2013). That study assumed that balance is controlled using constant ankle stiffness (Winter et al., 
2001). This assumption might not be appropriate as it ignores modulation of postural muscle activity 
and anticipatory control (Morasso & Sanguineti, 2002). Together these studies provide some support 
that non-linear measures are sensitive to detect changes that are relevant for detecting falls risk. 
However, these studies do not provide detailed information regarding underlying balance control and 
how elderly individuals adapt to postural challenges. 
Zhou et al. (2017) investigated CoP motion during normal stance with and without a cognitive 
demanding dual task and measured CoP motion using MSE and sway path of CoP motion. After 
baseline assessment, elderly individuals were followed for 48 months and falls occurrence was 
recorded. 738/765 elderly individuals older than 70 years of age completed follow-up. At baseline, 
fallers exhibited CoP motion that was less ‘complex’ than non-fallers during both balance tasks. 
Notably, linear measures, such as sway area and sway path did not differ at baseline between 
subsequent fallers and non-fallers. The time-scales that were assessed ranged between 1-40 samples 
during five repetitions of 30 s of balance. With a sampling rate set at 240 samples/s, the 1-40 samples 
reflect time-scales that range from 4 – 167 ms. The entropy estimated at each of these time-scales 
was lower in subsequent fallers than non-fallers. The authors concluded that MSE provides a unique 
insight into the complex nature of balance control, and subsequent fallers’ balance is less complex 
than non-fallers. The MOBILIZE Boston study also investigated the relation between MSE and frailty 
(Kang et al., 2009), and the impairment level of somatosensory systems (Manor et al., 2010). In these 
studies, the amplitude of sway increased, but MSE values decreased with level of frailty (Kang et al., 
2009) and sensory impairment (Manor et al., 2010). These findings suggest that alterations in ability 
to control balance (frailty level) and impaired somatosensory function impact balance control such 
that CoP motion contains less information than that of elderly individuals with less impaired balance 
control systems. The function of the balance control system was degraded, as fewer components are 
involved (sensory impairments) or are altered (frailty level). Therefore, balance control was 
interpreted as less complex, which is in line with the reduced complexity with ageing and disease 
hypothesis. However, the physiological meaning of these time-scales at which entropy was estimated 
is unclear and could explain the large range of time-scale differences used between the studies that 
investigated CoP motion using MSE (Gow et al., 2015). To further understand the measure and the 
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dynamical structure of CoP motion, it would be necessary to combine different non-linear methods 
that extract different information regarding the underlying dynamics of CoP motion. This was the 
basis for Studies One and Two. 
Most studies that investigated the relation between balance control and occurrence of 
subsequent falls have been limited to the use of linear measures. These data suggest that amplitude 
of sway information might be important in that very large amplitude of sway does reflect impaired 
balance control, but information regarding the relation between the dynamical structure of CoP 
motion and subsequent falls is missing. This is a problem, because increased sway might not always 
be a reflection of underlying balance control issues. Increased sway could potentially be a functional 
adaptation to compensate for reduced proprioceptive acuity. Whether or not increased sway is 
successful in achieving that latter aim cannot be extracted using linear methods alone. It also 
highlights that balance tasks with challenging sensory conditions or tasks in which conflicting sensory 
information is provided could provide additional information regarding differences in balance control 
between elderly individuals who subsequently fall or do not fall. Results from non-linear methods are 
more optimistic, however perhaps not ideal because to allow for stationarity of CoP motion, data is 
filtered before MSE analysis and this potentially removes valuable information from the CoP (Duarte 
& Sternad, 2008). Other non-linear methods could aid in these analyses by providing additional 
information about the dynamical structure of CoP motion, thereby providing additional information 
about balance control, which could provide a better understanding of potential differences between 
fallers and non-fallers. This was addressed in Studies One and Two. 
One of the objectives of this thesis is to develop a better understanding of differences in balance 
control between individuals who did or did not subsequently report falls in the year after initial 
assessment using combined non-linear RQA, DFA and MSE methods. Although RQA and DFA 
provide additional information of the dynamical structure of CoP motion to that of the information 
provided by MSE methods, RQA and DFA methods have not previously been used in prospective 
falls studies. 
2.8 Cross-sectional studies of balance control that have used non-linear 
methods 
Some studies have investigated CoP motion between elderly and younger individuals or 
between elderly individuals with or without a history of falls. These studies have used non-linear 
methods related to dynamical systems and information theory that are used in this thesis. The 
following section provides an overview of these studies that used sample entropy, DFA and RQA. 
Some studies combined methods and highlight that combining non-linear methods could aid 
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interpretation. The studies’ interpretations and limitations are then described. Many of these 
limitations were addressed in the studies undertaken in this thesis to improve performance and 
interpretability of the used non-linear methods. Suggestions to improve measures are described at the 
end of the literature overview. 
2.8.1 Entropy of CoP - age-related differences 
Lower complexity, as interpreted from MSE, with age is observed in individuals whose 
balance control was affected by impairments of the balance control system. This interpretation is 
supported by observations that Tai-Chi training for older individuals, thought to improve balance 
control by targeting both active and somatosensory aspects (Manor et al., 2013), increased MSE 
values of CoP motion over the training period (Manor et al., 2013). The increase in MSE was 
positively correlated with physical function and somatosensation (Manor et al., 2013). Decker et al. 
(2015) did not observe differences between elderly women with different physical functioning levels. 
In addition, some studies that investigated differences between elderly and younger individuals 
(Duarte & Sternad, 2008) or between elderly individuals with or without a history of falls did not find 
differences between investigated groups (Ramdani et al., 2013). Some studies observed the opposite; 
more complex CoP fluctuations in elderly individuals than young (Ko & Newell, 2016). Borg et al. 
(2010) assessed entropy CoP motion at a single time scale. They did not observe differences between 
young and old in CoP motion in the anterior-posterior direction, but entropy was lower in young than 
old in the mediolateral direction. No differences were observed between elderly individuals with or 
without a history of falls in this study (Borg & Laxåback, 2010). Barbosa & Vieira (2017) also 
assessed entropy at a single time scale using the differentiated CoP signal (CoP velocity). They 
observed more regular patterns in elderly than young. 
Interpretation of MSE findings depend on the standing balance task constraints. Ko & Newell, 
(2016) observed opposite results for young and elderly individuals and this depended on the type of 
feedback. When stationary motion feedback was provided, elderly individuals were less complex than 
young, yet were more complex than younger people when moving feedback target (sine wave) was 
provided (Ko & Newell, 2016). They argued that ‘complexity’ of balance control can be bi-
directional, depending on the underlying task constraints. That study also assessed CoP motion using 
DFA. DFA was negatively correlated to MSE, meaning smoother CoP motion was linked with lower 
‘complexity’. Higher DFA values might be linked with a control system that produces CoP motion 
with stronger correlations. Stronger correlations might be related to postural control that was not 
sensitive to perturbations and tended to persist. Using this interpretation, the elderly individuals 
investigated by Ko & Newell (2016) might have been unable to change balance control to generate 
smooth CoP motion when a sine wave was provided as CoP feedback. This further highlight that a 
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reorganisation of motor control, as observed in the young individuals of that study, can alter CoP 
movement variability, limiting assessment of underlying complexity. Indirectly, failure to adapt to a 
task constraint is in line with the reduced complexity with ageing and disease hypothesis (Goldberger 
et al., 2002). 
There is heterogeneity in the methodology of the MSE measure between studies (Gow et al., 
2015) and there is heterogeneity in the findings (some observed less ‘complex’ CoP in younger than 
elderly individuals) possibly due to differences in methodology (Gow et al., 2015). In some studies, 
data preparation removed non-stationary aspects of CoP motion. However, the non-stationary nature 
of CoP motion is not due to extrinsic factors and is part of balance control. For example, some studies 
removed most relevant frequencies of CoP motion (< 7.5 Hz, Kang et al., 2009; Manor et al., 2010) 
and Zhou et al. (2017) removed less relevant information (< 0.2 Hz). These issues question the ability 
to interpret balance control changes with MSE. In addition, Barbosa & Vieira (2017) signal 
stationarity for entropy analysis was achieved by differentiating CoP over time, but in contrast to Ko 
& Newell (2016), DFA and entropy findings seemed to be positively related when considering 
between group differences, meaning that CoP was considered less smooth or more regular in elderly 
than young using DFA or entropy methods, respectively. However, the study of Barbosa & Vieira 
(2017) was conducted on inclined surfaces and might impede direct comparisons. Opposite 
interpretation between DFA and entropy methods might be related to observed greater CoP velocity 
in elderly than young and could result in higher threshold distance for template matching to estimate 
sample entropy. Alternative methods and methods used in combination are likely to be necessary to 
answer the questions of whether balance changes are related to prospective risk of falls. In this thesis, 
MSE was used as a secondary analysis of the data in Study One in order to consider whether the 
interpretation would differ to that derived from analysis using other methods. 
2.8.2 Fractal based measures of balance control - age-related differences 
The DFA measure, and some other fractal based measures (Doyle et al., 2004; Han et al., 
2005; Vieira et al., 2009) have been used to describe CoP motion in elderly and younger individuals 
using standing balance tasks with different levels of difficulty. In relatively unchallenged balance 
tasks, such as standing with eyes open or closed, some age-related differences have been observed. 
When standing with eyes open, compared to younger individuals, some studies report that CoP motion 
in the elderly is less smooth / more anti-persistent in the anterior-posterior direction (da Costa Barbosa 
& Vieira, 2017) on inclined surfaces, yet this was not observed by Kim et al. (2008) on none inclined 
surfaces. Vieira et al. (2009) also did not observe age related differences in CoP smoothness when 
CoP motion was combined in the anterior-posterior and mediolateral directions when standing with 
eyes open or closed. With eyes closed in the mediolateral direction, most studies observed or reported 
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a trend towards less smoothness / greater anti-persistence in elderly than young (Doyle et al., 2004; 
Kim et al., 2008; Lin et al., 2008). 
Other differences between elderly and young individuals are also observed. With eyes open, 
differences between elderly and young individuals were not evident in the mediolateral direction (da 
Costa Barbosa & Vieira, 2017; Doyle et al., 2004; Duarte & Sternad, 2008; Kim et al., 2008). In 
contrast, Amoud et al. (2007) observed more smoothness / lower anti-persistence in elderly than 
young in the medio-lateral direction, yet observed a less smooth CoP motion in the anterior-posterior 
direction (Amoud et al., 2007). When standing on a compliant support surface, the elderly were less 
smooth / more anti-persistent in the mediolateral direction with eyes closed compared to younger 
individuals (Kim et al., 2008). Furthermore, eye closure affected CoP motion in the elderly but not 
the CoP motion of the younger individuals (Kim et al., 2008). However, Vieira et al. (2009) did not 
observe an effect of age with eye closure. The lower smoothness and greater anti-persistence observed 
in the elderly compared to young suggest more corrective postural control possibly to compensate for 
greater CoP speed. However, these corrections did not result in a smoother and therefore more 
predictable CoP motion and could highlight age related reduced ability to control balance. 
Fractal analysis highlights differences between elderly and young individuals. In addition, 
differences are amplified in more sensory challenging standing balance conditions, suggesting that 
ageing affects the ability to rely on other sensory sources when a more reliable source of sensory 
information is removed or altered. Altered CoP motion with age could be linked with an inhibited 
exploratory nature of balance control (Duarte & Sternad, 2008) related to the lower level of 
persistence present in CoP motion. Furthermore, it is important to consider the constraints of the 
balance task when interpreting DFA, such as type of feedback (Ko & Newell, 2016). Whether 
observed differences in DFA values and postural adaptations to sensory challenging balance 
conditions with age are linked with prospective occurrence of falls has not yet been tested and this is 
the basis of Studies One and Two. 
2.8.3 Recurrence quantification analysis of CoP - age-related differences 
The RQA measure has not been used to investigate differences between elderly individuals 
who subsequently reported falls or did not report falls after baseline assessment. RQA has been used 
in cross-sectional studies that investigated differences in CoP motion in elderly and younger 
individuals during standing tasks with different levels of difficulty. Seigle et al. (2009) were the first 
to apply RQA analysis to investigate the dynamical structure of CoP motion in elderly and young 
individuals when standing with eyes open or closed. They observed that the elderly’s CoP motion 
was characterised by a lower %DET compared to the younger individuals in the anterior-posterior 
direction with eyes open and closed. The effect of eye closure differed between the elderly and young 
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individuals; %DET of the young was not affected by eye closure whereas the %DET in the medio-
lateral direction decreased in the elderly group. Sway amplitude increased in both groups, however, 
this did not result in a more predictable CoP motion in the elderly group, and is in contrast to findings 
observed in younger individuals (Riley et al., 1999). This could potentially reflect that the sensory 
input by increased sway did not fully compensate for the removal of vision in elderly individuals 
(Seigle et al., 2009). 
Ramdani et al. (2013) investigated differences in CoP motion while standing with eyes open 
between elderly individuals who retrospectively reported falls (n=14) or did not report falls (n=14). 
No differences were observed in the anterior-posterior direction, however, in the medio-lateral 
direction, %DET and sway amplitude were higher in fallers than non-fallers. The authors interpreted 
this finding as reduced complexity in balance control in fallers compared to non-fallers, or potentially 
due to an increased hip strategy, which has been suggested to underlie postural control issue in the 
elderly (Horak et al., 1989). 
Decker et al. (2015) investigated differences in CoP motion with eyes open or closed between 
elderly women with lower (n=94) and normal (n=32) physical functioning. Physical functioning was 
assessed using the six-minute walking distance test. Linear amplitude measures of CoP motion were 
not different between the groups, whereas with eyes closed, %DET in ML was higher in the lower 
physical functioning group. This observation was interpreted as lower postural stability, exacerbated 
by the removal of the visual contribution to balance control, reflecting a reduced complexity in 
women with lower than normal physical functioning (Decker et al., 2015). 
Findings suggest that CoP motion of elderly is less regular than young with or without the 
contribution of vision to balance control, whereas differences between elderly cohorts based on 
previous falls history or low physical performance display a more regular CoP motion. The observed 
higher regularity in these groups could also be interpreted as a protective mechanism by limiting the 
impact of perturbations, therefore avoiding balance situations that might be too challenging for the 
balance control system as discussed earlier, opting for a more stable / predictable CoP motion rather 
than a flexible one. 
Part of the RQA method assesses the predictability and regularity of CoP motion and can aid 
interpretation of underlying dynamical nature of CoP. As MSE also assess regularity, by combining 
this measure with MSE, greater clarity could be gained in relation to the interpretation of CoP 
dynamics (Study One). For example, Zhou et al. (2017) observed lower MSE values in subsequent 
fallers than non-fallers, however, above studies suggest that young are more regular than elderly that 
could result in lower MSE values contrasting the interpretation that lower MSE is linked with decline 
of the underlying balance control system. This was investigated in Study One. 
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RQA provides a unique method that could further investigate the dynamical structure of CoP. 
In addition, RQA could provide information whether increased sway observed in elderly individuals 
compared to young is a successful compensation for reduced acuity or not and might better distinguish 
between individuals who subsequently report and do not report falls. 
 There is a need to further explore the dynamical nature of CoP motion in elderly individuals 
to understand findings from non-linear methods. Results from different non-linear methods suggest 
contrasting underlying adaptations in balance control. MSE findings suggests that CoP motion is less 
complex or more regular in future fallers than non-fallers or in individuals with greater somatosensory 
impairments. DFA results suggest that elderly are less regular / smooth and more anti-persistent than 
younger individuals. Similarly, some results from the RQA method suggest that elderly are less 
regular as well than young. These observations contrast each other and complicate interpretations of 
non-linear methods and underlying changes in balance control with ageing. 
Regularity of CoP motion could be linked with appropriate intermittent control. Intermittent 
control suggests that upright stable equilibrium is not the goal to be achieved by the balance control 
system. Instead, a more nominal upright posture is desired (Nomura et al., 2013) which allows for 
postural sway about the upright equilibrium and postural control is applied when posture reaches 
certain angles. Postural sway about the equilibrium, however, would reflect regular and predictable 
motion of an inverted pendulum. This could underpin the deterministic nature of CoP motion and 
could explain some observation of more regularity of CoP motion in young compared to elderly. 
Whether regularity is maladaptive remains unclear. By combining different methods (RQA, DFA, 
MSE, intermittent control) and comparison with a younger cohort this should further our 
understanding whether or not regularity of sway is maladaptive or not. This strategy was applied in 
Study One. 
2.9 Methodological considerations for application of non-linear methods to 
study balance control as a factor in falls risk 
 On the basis of the data provided in the preceding sections it was concluded that the ideal 
method to assess the potential for features of balance control to be related to prospective falls risk 
was to use DFA and RQA methods. The following sections provide brief discussion of some 
methodological considerations to optimise these analyses. 
2.9.1 DFA method 
Fractal based measures assess correlations within the data across a range of different time-
scales by measuring exponential relationships between fluctuations and corresponding time-scales. 
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By definition, this relation is reflected by a linear region on the log-log plot of CoP fluctuations versus 
time-scales. Bigelow & Berme (2010) identified a bi-linear region on the log-log plot and therefore 
fitted two linear regions. Bi-linear regions were also evident in figures reported in some papers 
(Amoud et al., 2007; Wang & Yang, 2012) and were evident by different values of the slopes when 
linear regions were extracted at different time-scales (Amoud et al., 2007; Duarte & Sternad, 2008). 
Observing linear regions is important. Firstly, because incorrect inferences can be made if a bi-linear 
region exists but is ignored when a linear regression line is forced, and therefore true correlations 
within the data are not measured (Delignières et al., 2011). Secondly, a bi-linear region could further 
inform about postural control as suggested by Collins et al. (1993) using stabilogram diffusion 
analysis. The data of Bigelow & Berme (2010) suggest that CoP fluctuations at shorter time-scales 
reflect CoP motion that is persistent, but anti-persist at longer time-scales. This observation could 
reflect the different processes underpinning CoP motion linked with intermittent control of upright 
balance (Bottaro et al., 2005; 2008; Loram & Lakie, 2002a). If bi-linear regions in the log-log plot of 
fluctuations versus time-scales are apparent, proper extractions of these regions could provide further 
insight into how upright balance is controlled at short and long-term intervals, and therefore could 
identify different balance strategies (Delignières et al., 2011). This also highlights that CoP 
fluctuation cannot increase at larger timescales as CoP cannot ‘scale outside’ the support surface area. 
Both Studies One and Two of this thesis extracted scaling behaviour of CoP at shorter and longer time 
scales providing more detailed information about underlying organisation of CoP fluctuations that 
link to balance control. 
2.9.2 RQA method 
The number of recurrences is dependent on the distance threshold within which a recurrence 
is defined and the number of recurrences found will impact the RQA (Marwan, 2011). For example, 
a recurrence rate of 6% would more likely result in a higher %DET compared to a recurrence rate of 
3%. However, the recurrence rate was not reported in the above studies that used RQA. The 
recurrence threshold is usually made dependent on some measure of CoP motion amplitude, such as 
percentage of the maximum diameter of the geometrical shape (Decker et al., 2015; Ramdani et al., 
2013) or percentage of mean distance between al data points in phase space (Riley & Clark, 2003; 
Riley et al., 1999). This ensures that amplitude of sway does not affect the recurrence rate to avoid 
RQA bias. However, these normalisation methods could be biased by few large CoP motion 
excursions and CoP could recur more in some areas than other areas in phase space. Further, 
recurrence threshold based on amplitude affects the test-retest reliability of recurrence rate and 
therefore RQA between balance trials (Mazaheri et al., 2010). Finding the recurrence threshold that 
fixes the recurrence rate to, for example 5%, could ensure that RQA is amplitude independent and 
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therefore truly scale free. We observed that the within session test-retest reliability of RQA was higher 
when recurrence threshold was set to fix recurrence rate to 5% compared to a recurrence threshold 
based on the mean distance between all points in phase space. Differences between test-retest 
reliability of RQA using a recurrence threshold based on CoP amplitude or a recurrence threshold 
that fixes recurrence rate to 5% are reported in Assessment of Impact of Method to Determine 
Recurrence Threshold on Within-Session Reliability of Recurrence Quantification Analysisof this 
thesis. 
Furthermore, %DET represents the percentage of recurrences that form diagonal lines, it does 
not provide information regarding the duration of these diagonal recurrences. The duration of the 
diagonal recurrences could provide additional information regarding predictable and stable spatial-
temporal patterns of CoP motion. For example, the retrospective fallers investigated by Ramdani et 
al. (2013) were more regular than non-fallers but this would not necessarily mean more predictable 
over longer time-periods. However, whether this was the case is unknown. The RQA used in Studies 
One and Two of this thesis were based on recurrence threshold that fixed recurrence rate to 5%. 
2.10 Musculoskeletal pain and human movement 
This section describes the current state of knowledge of the effect of pain on motor control. 
First, the observed changes in muscle activity and the impact this might have on kinematics are 
described. Second, gaps in the literature are highlighted with potential solutions using non-linear 
analysis based on consideration of variability. 
Pain is a potent stimulus that induces adaptations at multiple levels of the sensorimotor control 
system affecting movement behaviour (Bank et al., 2013; Hodges & Tucker, 2011). The main goal 
of these pain adaptations, at least in an acute context, is thought to protect the painful part from further 
injury or re-injury (Hodges, 2011) and are therefore considered as beneficial. The short-term benefit 
is that the protective adaptation allows for recovery of the injured part, however, there might be long-
term consequences if movement adaptations to pain are maintained beyond normal expected recovery 
times. Pain can alter muscle activity (Tucker & Hodges, 2009), force production (Tucker & Hodges, 
2010), and kinematics; such as reduced movement (Lamoth et al., 2002) or movement variability 
(Hamill et al., 2012). These adaptations can lead to increased tissue loading (e.g., increased 
compression due to co-contraction (Granata & Marras, 1995); decreased load sharing from reduced 
variation (Hamill et al., 1999); reduced shock absorption from increased stiffness (Hodges et al., 
2009)) and thereby hindering the recovery process or leading to development of secondary problems 
(Hodges & Tucker, 2011). 
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Few studies have considered the adaptation to pain from the perspective of dynamical systems 
variability. As outlined in Section 2.6.2, the studies to assess the control strategy for balance took the 
approach to challenge the system and evaluate the response (e.g., vibration of the calf muscles, 
reduction of sensory input). Using a similar approach, it was determined that a potential fruitful way 
to evaluate the adaptation in motor control with pain, was to perturb the system with a 
nociceptive/painful stimulus and use non-linear methods to interpret the control of trunk kinematics 
and synergy analysis to evaluate variation in coordination between multiple muscles. 
The following sections provide a foundation for use of experimental pain as a context specific 
challenge to understand the adaptation to pain, at least in an acute context. Followed by consideration 
of the methods that were selected to analyse these changes. 
2.10.1  Experimental pain 
Generation of a response to nociceptive input (afferent input signalling tissue threat) and pain 
(generated centrally in response to nociceptive and other inputs, cognitive processes), is not 
necessarily straight forward. Although in some simple systems/tasks (e.g., single joint movements) 
there is a predictable increase/decrease of activity in a manner that would protect the painful part 
(Tucker et al., 2009), in more complex systems/tasks the changes are likely to be more complex (Hug, 
Hodges, Salomoni, et al., 2014). The adopted motor control protection strategy likely depends on 
multiple factors in addition to the noxious stimulus, such as the perceived threat level, the importance 
of the functional role of the muscle in relation to the movement task, etc. Nociceptive input can 
originate from different sources (e.g., muscle, joint, viscera, etc.) due to different factors (e.g., 
mechanical loading, inflammation, injury, thermal) and different mechanisms underpin acute and 
chronic/persistent pain conditions. Long lasting pain adaptation to motor control may contribute to 
persistence of pain beyond an acute episode to a persistent or recurrent pain condition as a 
consequence of negative side effects of the movement adaptations (Sterling et al., 2001). Chronic 
pain however, is a complex disease, and multiple factors may be responsible for movement related 
adaptations that present in individuals with this condition (Merskey, 1986). Chronic pain is 
complicated by sensitisation processes (centrally and peripherally that amplify pain signalling) and 
the interplay with cognitive and emotional factors (e.g., catastrophizing, fear avoidance, pain self-
efficacy, etc). Investigating the direct effect of nociceptive afferent input on motor control in these 
individuals is therefore difficult. A common model in laboratory research instead focusses on 
investigation of the response to an acute noxious input. This is not aimed to replicate the chronic pain 
experience, but instead to evaluate the nervous system response to a short term nociceptive event to 
understand the mechanisms and responses to this stimulus context. Thus, experimental pain 
paradigms, such as injection of hypertonic saline in a muscle of pain-free individuals enables 
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investigation of the effect of acute pain on motor control strategies and findings cannot be 
extrapolated to chronic pain conditions (Edens & Gil, 1995). Although experimental models have 
some limitations, they provide valuable information of motor control strategies to nociceptive events, 
and experimental pain by intramuscular injection of hypertonic saline allows activation of nociceptors 
in a controlled manner without structural tissue damage to the muscle (Graven-Nielsen, 2006). Studies 
Three and Four in this thesis utilised the experimental pain model of intramuscular injection of 
hypertonic saline to investigate changes in motor control in an acute context. 
2.11 Pain adaptation theories  
Several theories of pain adaptation have been proposed to explain pain-related movement 
adaptations, and these have evolved as greater understanding of the motor changes in response to 
acute pain have developed. The vicious cycle theory (Roland, 1986) hypothesised that pain leads to a 
sustained increase in muscle activity or muscle spasm, and that this can contribute to the perpetuation 
of pain by limiting intramuscular blood flow leading to accumulation of pain metabolites leading to 
further pain. The realisation that muscle activity is not always increased led to the development of 
the pain adaptation theory (Lund et al., 1991) which hypothesised that during voluntary movements, 
pain leads to a systematic inhibition of the painful muscle (or muscle that generates a painful 
movement) and a systematic facilitation of the antagonistic non-painful muscle (that oppose the 
painful movement). The combination of inhibition of agonistic and facilitation of antagonistic muscle 
groups would reduce the movement range and speed, thus protecting the painful tissue (Lund et al., 
1991). Although supported by data from many studies, some observations of less systematic changes 
in muscle activation questions the completeness of these theories (Hodges, 2011; Hodges & Tucker, 
2011). For example, systematic facilitation and/or inhibition of the painful muscle or the muscles 
producing/opposing the painful movement, are often not observed. At the motor unit level, both 
inhibition and facilitation are observed within a painful muscle - some motor units decrease firing 
rate (inhibition), but other new motor units are recruited (facilitation, Tucker et al., 2009; Tucker & 
Hodges, 2010) to maintain the constrained force output of the muscle during the experimental task. 
At the whole muscle level, a redistribution of activity has been observed, also suggesting both 
inhibition and facilitation of different areas of the muscle motor neuron pool (Falla & Farina, 2008; 
Falla et al., 2009). At the whole muscle group level, changes in distribution of activation between 
muscles has been found to be individual specific (rather than systematic and predictable) in more 
complex systems such as the trunk where many muscles are available (Hodges et al., 2013). 
Hodges & Tucker (2011) argued that although the early theories explain some of the 
observations reported in the literature, they are too simplistic to explain many adaptations, particularly 
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those in complex systems (e.g., the trunk [between pelvis and thorax] with a complex array of many 
muscles) and complex tasks (e.g., multi-joint functional activities). As an alternative they propose a 
contemporary theory of pain adaptation that considers pain adaptations at micro (motor unit) to macro 
(whole muscle behaviour) levels and accounts for individual variation in response. In general, pain 
adaptations to acute noxious stimuli are assumed to be protective, but are considered with respect to 
muscle function and task constraints and can be described by the following features (Hodges & 
Tucker, 2011): 
 
1. Pain does not result in a uniform inhibition or facilitation of muscle activity. A 
redistribution of activity within or between muscles allows for load sharing and could 
protect the painful part by limiting tissue stress. 
2. Pain adaptations alter kinematics/kinetics, for example, limiting movements could be 
established by increasing joint stiffness. 
3. Pain adaptations have short-term benefits but with potential long-term negative 
consequences. Failure to resolve the movement strategies adopted in the presence of 
pain (i.e., failure to return to pre-pain motor strategy) could alter tissue loading, reduce 
movement range, and reduce movement variability with a consequence of excessive load 
on the originally injured tissues or tissues in adjacent areas. 
 
In the context of walking the adaptation is likely to be complex. This task involves 
coordination of activation of multiple muscles of the trunk and limbs to both propel the body and 
maintain upright posture and balance. Adaptation to protect a painful part could have major impact 
on the capacity to successfully complete the task as the adaptation to pain could affect propulsion and 
balance and negatively impact the stability1 of walking. Some research has tested response to painful 
stimuli, but have been limited in the number of muscles recorded and the analysis methods (Arendt-
Nielsen et al., 1996; Lamoth et al., 2004). Studies Three and Four in this thesis aimed to investigate 
how healthy younger individuals deal with acute pain stimuli by exploring the organisation of activity 
of multiple muscles of the limbs and trunk and the impact on the dynamical nature of upper body 
(thorax) movement. Consistent with the theme of this thesis a major focus was on the application of 
novel methods to study the properties of variability of the collected signals. 
2.11.1  Acute nociceptive input/pain and walking 
Walking is a common daily activity which can be impaired by pain (Lamoth et al., 1999; 
2006). Many joints and muscles need to be coordinated to provide smooth biomechanical function to 
achieve walking stability in relation to task demands (forward progression) and gravity. In this case, 
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stability is referred to as ‘local’ stability as described in Section 2.5.1.1, reflecting the sensitivity of 
the system to small perturbations that could arise from internal sources; such as motor noise and 
external sources; such as small changes in surface height, etc. Although the motor adaptation to acute 
pain has been extensively investigated in relatively simple single joint tasks (Tucker & Hodges, 2009; 
2010), and those experiments provide valuable information regarding pain adaptations in simple 
systems, less is known about how acute pain affects more functional movement tasks, such as 
walking, that involve multi-joint coordination. Normal efficient lower limb joint function is essential 
for walking propulsion (Neptune et al., 2001; 2008); trunk and upper body function ensures upright 
posture and regulates head motion in space (Kavanagh et al., 2006); and movements of the upper 
limbs limit total body angular momentum (Bruijn et al., 2008). Because walking involves several 
biomechanical functions, acute nociceptive input from muscle is likely to have differential effects on 
motor control depending on the importance of the biomechanical role of the painful muscle during 
walking (i.e., different effects depending on which muscle is the source of nociception). 
Several studies have investigated acute muscle pain during walking but have focussed on only 
a few muscles. Acute pain in the lower back extensor muscles was shown to alter the activity patterns 
of these muscles. The mean activity of the back-extensor muscles across the gait cycle increased (bi-
laterally), and the painful side showed a decrease in peak activity during double stance (when the 
muscle was normally active – interpreted as inhibition of the painful muscle when it was working as 
an agonist), but an increase in activity during the swing phase in which activity is normally silent – 
interpreted as facilitation of the painful muscle functioning more as an antagonist (Arendt-Nielsen et 
al., 1996). Lamoth et al. (2004) observed similar responses in back extensor muscles during walking 
at multiple speeds. These observations suggest a guarding or splinting strategy to protect the painful 
area (Lamoth et al., 2004; Moe-Nilssen et al., 1999). Although Lamoth et al. (2004) did not observe 
an effect of acute pain on global coordination between pelvis and thorax, Moe-Nilssen et al. (1999) 
observed attenuated trunk accelerations, which he argued was consistent with a protective response. 
During walking, acute nociceptive input from the gastrocnemius muscle, which is important 
for gait propulsion, did not alter its activity during push off. Instead, the tibialis anterior muscle 
activity was reduced during this walking phase, and the gastrocnemius muscle activity increased after 
toe-off (Graven-Nielsen et al., 1997). When acute pain was induced into the tibialis anterior muscle, 
no changes were observed in the painful muscle, but the gastrocnemius muscle increased activity 
during push-off phase (Graven-Nielsen et al., 1997). These observations are difficult to reconcile 
according to the original pain adaptation theory, and highlight that function dictates the potential to 
adapt. In a different study, when nociceptive discharge was evoked in the vastus medialis muscle, 
activity of both the medial and lateral heads of the quadriceps muscle was reduced, which resulted in 
reduced peak knee extension moment (Henriksen et al., 2007). There was no change in activity of the 
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antagonist hamstring muscles following the injection of hypertonic saline into the vastus medialis 
muscle (Henriksen et al., 2007). At the hip, acute noxious stimulation of the gluteus medius muscle 
resulted in a minor increase of trunk lean (towards the painful side), which lowered frontal plane hip 
moment and reduced activity of the painful muscle (Henriksen et al., 2009), but acute pain in the 
biceps femoris muscle did not alter activity level of the leg muscles (Henriksen et al., 2011). Taken 
together, these data provide evidence of a highly task dependent nature of the adaptation to noxious 
input that appears, at least in part, dependent on the biomechanical function that the painful muscle 
plays in walking and the capacity to adapt its activity, while continuing to successfully complete the 
task, yet interpretation is limited by the focus on a small number of muscles. 
2.11.2  Synergy analysis of muscle activations during walking 
Many joints and muscles are involved with walking. The system is redundant; several muscles 
have similar biomechanical function and is reflective of a system with many degrees of freedom. 
During walking, numerous muscles are activated at the same time, also referred to as muscle synergies 
(Bernstein, 1967) and some of these have similar biomechanical function. Commonly, muscle 
synergies are interpreted to be building blocks that simplify the control of many muscles by the CNS 
by reducing the number of degrees of freedom of control (Bernstein, 1967; Safavynia et al., 2011; 
Torres-Oviedo & Ting, 2010). In this way, the CNS can produce behaviour by controlling smaller 
number of variables when compared to controlling each muscle individually. However, this is not the 
only interpretation - other authors suggest that synergies do not reflect neural processes, but instead 
are a product of underlying biomechanical constraints of the task (Kurtzer et al., 2006; Kutch et al., 
2008; Valero-Cuevas et al., 2009). Using this interpretation, the observed patterns of muscle activity 
simply reflect the fact that the task can only be performed in limited number of ways (Tresch & Jarc, 
2009). This requires consideration when aiming to consider impact of nociceptive input on muscle 
activation in gait. It remains unclear whether or not muscles synergies reflect a neural control strategy 
(Tresch & Jarc, 2009). To explore this question, examination of a walking task alone might not be 
enough to determine whether muscle synergies reflect a neural control strategy of the CNS. If the 
CNS controls muscles via building blocks that reflect muscle synergies, similar muscle synergies 
should be identifiable across multiple tasks (Tresch & Jarc, 2009). In other words, to explore the 
question whether the CNS utilises modular control, more complex tasks are required. Some of the 
underlying biomechanics of walking can only be performed in limited ways (such as movements of 
the lower limbs). It would be challenging to determine whether a muscle synergy that reflects these 
subtasks of walking are related to a simplification of CNS control or simply due to the underlying 
biomechanical constraints. It was not the aim of this thesis to further explore the origins of muscle 
synergies. Instead this thesis utilised the potential of synergy analysis to examine whether observed 
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changes in muscle activation due to a noxious stimulus are reflected by changes in the underlying 
organisation of the activity of many muscles. 
Synergy analysis can extract the ‘common’ patterns of the activity of many muscle and 
determine which muscles are activated together (Ivanenko et al., 2004). Several algorithms are 
available to reduce dimensionality of large datasets, such as factor- and principle component analysis, 
and non-negative matrix factorization (NNMF). This thesis used the NNMF algorithm developed by 
Lee & Seung (1999). The main advantage of the NNMF over the other methods such as principle 
component analysis, is that extracted information is always positive (non-negative). This allows for 
physiological interpretations of the extracted common activity patterns (synergies). The principle 
component algorithm which, due to its normalisation procedure, can have negative common activity 
patterns and is more challenging to interpreted physiologically. The general process of muscle 
synergy analysis is as follows: i) data are recorded from several muscles during walking; ii) a 
statistical analysis such as NNMF is applied to identify sets of synergies from the recorded muscle 
activities; iii) it is determined whether extracted synergies can sufficiently describe the recorded 
activation patterns; and iv) the extracted synergies are linked to underlying tasks of walking such as 
push-off, weight acceptance, etc. 
Using NNMF, data recorded from multiple muscles across the body during walking are 
factorised into two components: muscle synergy vectors and synergy activation coefficients. The 
coefficients reflect the temporal patterns of the common activities between muscles, and the vectors 
represent the relative weighting of each of the recorded muscles within these coefficients (Figure 
2.12.) NNMF has been applied extensively to investigate the synergistic control of walking 
(Cappellini et al., 2006; Ivanenko et al., 2004) and five muscle synergies can explain ~90% of all 
muscle activities during walking. Each of these synergies has been identified to reflect a functional 
biomechanical subtask of gait (Neptune et al., 2009). Because each synergy is constructed with sets 
of muscles (vectors) belonging to a common activity pattern (coefficients), the composition and 
activation of each synergy reflects the underlying motor control (Monaco et al., 2010). Using this 
approach to analyse muscle activation patterns, changes observed due to acute nociceptive input 
during walking can be investigated at a ‘macro’ level of motor control. Furthermore, the number of 
synergies reflect the simplification of motor control with fewer or greater numbers of synergies linked 
to more simple or more complex motor control, respectively (Clark et al., 2010). 
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Figure 2.12. A schematic illustration of muscle synergies. (A) The vectors represent the ‘weightings’ of each muscle (M1, 
M2, M3) and the coefficients the common ‘patterns’ of the two muscle synergies, (blue and orange). The activity patterns 
of M1, M2, and M3 can be reconstructed using the synergy vectors and coefficients. (B) The activity patterns of M1, M2, 
and M3, represented by the black lines are reconstructed by a linear combination of the vectors and coefficients that is 
the matrix multiplication of coefficient × vectors of (A) resulting in a n × 3 muscle patterns (B).  
Changes in muscle activity in response to an acute nociceptive input (such as those discussed 
in Section 2.11.1) could take several different forms. For instance, noxious input might change the 
underlying synergistic control of many muscles. Alternatively, the CNS may have the capacity to able 
to explore the many degrees of freedom and redundancy of the motor system and selectively change 
the activity of the painful muscle without major implication for overall function or activity of other 
muscles. Whether noxious input leads to changes in global muscle activation over multiple body 
segments (including multiple muscle within a specific muscle synergy) or whether effects are limited 
to the local region of pain without broad impact remains unclear. 
The organisation of muscle activity and dynamically integrated sensory information from 
joint biomechanics ensures stable gait (Gervasio et al., 2017; Zehr & Stein, 1999), and allows for 
appropriate reactions to small perturbations (both internal and external) that could impact the local 
stability. Changes in motor control related to nociceptive input can affect the ability to adapt to small 
M1
M2
M3
Muscle synergies
Synergy Vectors (2 ! 3 matrix)
Synergy Coefficients (n ! 2 matrix)
M1
M3
M2Coefficients ! Vectors = n x 3 matrix
Time (n) Time (n)
(A) (B)
Chapter 2: Background 
 54
perturbations. As highlighted above, data from simple systems suggest that adaptations to pain serve 
to protect the injured part, limiting movement by increasing joint stiffness, and possibly increasing 
stability (less sensitive to small perturbations, i.e., lower LDE) resulting in more regular movement 
dynamics. However, the interpretation may not be that simple and more complex adaptations may be 
observed as pain also affects the perception of body movements (Brumagne et al., 2000; Lee et al., 
2010; Matre et al., 2002)and force regulation (Descarreaux et al., 2005; Salomoni et al., 2013), and 
larger motor units are recruited to enable the fight or flight response (Hodges & Tucker, 2011). For 
any of these reasons (larger muscle force fluctuation, reduced finer control, reduced sensation) 
nociceptive input would negatively impact local stability of gait. To further complicate the 
interpretation - the biomechanical role that a painful muscle has during walking may also impact how 
the muscle adapts, and ultimately how the adaptation affects local gait stability. Analysis of possible 
changes to muscle synergies in the presence of nociceptive input is likely to enrich understanding of 
the underlying process of adaptation in motor function in pain. Particular insight could be gained by 
investigation of the response to noxious input into key muscles that contribute to gait propulsion and 
muscles that contribute to trunk control, with little role in propulsion. It is important to consider 
whether the painful muscle is functioning in a redundant system in relation to the identified subtask 
described by the muscle synergy. If the system consists of few muscles that perform the function for 
a biomechanically important subtask to gait, then the options to adapt to the painful stimulus might 
be limited. Conversely, if the painful muscle is part of a more redundant system (such as the trunk) 
and the activity of the muscle is part of a biomechanical subtask that is less important to gait then a 
greater range of adaptations might be expected. Adaptations in these different biomechanical contexts 
would likely have different effects on the dynamical nature of upper body movements. 
From another perspective, the organisation of activity of many muscles by the CNS ensures 
stable gait (i.e., local stability) which is reflected by movements of the upper body. Assessment of 
the local stability (as quantified by LDE) of upper body movements can be used to investigate the 
effect of acute pain at a more macro level of physiological function. Walking stability using LDE 
during experimental muscle pain in different muscles (lower back muscle or calf muscle) could 
provide further knowledge regarding the impact of underlying adaptations to pain on the local 
stability of walking, but has not been investigated during gait and is the basis for Study Four. Both 
NNMF and LDE assess the dynamical nature of postural control at different macro-levels during 
walking. NNMF assesses the common patterns of activity across multiple muscles and LDE assesses 
the regularity or predictability of upper body movements. If upper body movements are predictable / 
regular, then walking is considered to be locally stable. Combining these two methods could provide 
a translation between a task level goal of walking (local stability) in relation to activity of multiple 
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muscles that is required to accomplish this goal measured by NNMF this undertaken in Studies Three 
and Four. 
2.12 Overall aims of the thesis 
The overall aim of the thesis was to explore the dynamical nature of movement variability 
using non-linear analysis methods to understand changes in movement behaviour that are associated 
with ageing and muscle pain. 
2.12.1 Aims of thesis part 1: balance control in older fallers and non-fallers, and young 
individuals 
 The objective of the first part of this thesis was to use linear and non-linear methods to develop 
a better understanding of the differences in balance control between elderly and younger individuals 
and between elderly who subsequently reported falls or did not report falls after initial assessment. 
 The specific aims of the individual studies described in the first part of this thesis were: 
1. To compare CoP motion between young and older individuals during different balance tasks 
in standing that vary in sensory difficulty (eyes open and closed; firm and soft support 
surface), and to compare these CoP measures between older individuals who subsequently 
do or do not go on to fall in the following 12 months. (Study One, see Chapter 3) 
2. To compare CoP motion between young and older individuals before, during and after 
application of vibration to the calf muscles bilaterally, and to compare these CoP measures 
between older individuals who subsequently do or do not go on to fall in the following 12 
months. (Study Two, see Chapter 4) 
2.12.2 Aims of thesis part 2: Effect of acute noxious stimulation to the leg or back on muscle 
synergies and walking stability 
 The objective of the second part of this thesis was to use non-linear methods and muscle 
synergy analyses to develop a better understanding of adaptations of the motor control system to acute 
experimental muscle pain by concurrently measuring multiple lower leg and trunk muscles and 
kinematics during walking. The effect of acute muscle pain was investigated at different levels of 
motor control; i) at the level of local amplitude of muscle activity, ii) at the level of the overall 
organisation of the coordination among all recorded muscles using synergy analysis, iii) at the level 
of joint kinematics (such as range of motion [ROM]), and iv) at the level of trunk movements in 
relation to the volume using linear and walking stability analysis. 
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The specific aims of the individual studies described in the second part of this thesis were: 
1. To investigate the effect of experimental muscle pain, in two locations, on muscle 
coordination (as reflected by muscle synergies and amplitude of muscle activity) and 
kinematics during treadmill walking at 0.94 ms-1 (Study Three, see Chapter 5) 
2. To investigate the effect of experimental muscle pain in two locations at two different 
walking speeds on stride-to-stride fluctuations, amplitude and stability of upper trunk 
movements (Study Four, see Chapter 6) 
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Chapter 3 Fallers Adapt Differently to Change of 
Support Surface Compliance than Non-fallers, a 
Prospective Cohort Study of Community Dwelling 
Older Individuals3 
Ageing is associated with narrowing of physiologic function of the balance control system 
resulting in a reduced ability to adapt to postural challenges increasing risk of falls. According to 
the reduced complexity with ageing and disease hypothesis lower performance of the balance control 
system results in a less ‘complex’ nature of the output such as center-of-pressure (CoP) and is usually 
reflected by more regularity. This contrasts some other studies that observed more regularity of CoP 
motion in young than elderly. It is unclear if regularity of CoP reflects poor or good balance 
performance. CoP motion was investigated using different analysis techniques that assess regularity 
such as multiscale sample entropy, detrended fluctuation analysis, recurrence quantification analysis 
and modelled balance control as an inverted pendulum that is intermittently controlled (CoP motion 
partly reflects movements of the center-of-mass [CoM], which is regular). This study assessed 
balance control in elderly individuals (>65 years, n=244) who did (n=110) or did not prospectively 
report falls (n=134), and in a group of young individuals (18-25 years, n=25) during standing on a 
firm or foam surface with eyes open or closed. 
Intermittent control was linked with deterministic features of CoP motion, which in turn were 
related with more regular and predictable sway in young than elderly individuals. Furthermore, 
young individuals increased predictability and regularity when balance was challenged by standing 
on foam. This contrasted with the adaptation in elderly who tended to decrease regularity. Elderly 
relied more on vision for balance control and were more affected by the change in compliance of the 
support surface than young. Irregularity of CoP motion was more evident in fallers than non-fallers 
when standing on firm with eyes open and could reflect poorer balance control in fallers. Differences 
between fallers and non-fallers were also evident when standing on foam with eyes open; postural 
corrections were applied when CoM was moving faster, and postural response (gain) was lower in 
fallers than in non-fallers. By combining methods this study has provided new insight into the features 
of balance that differ between young and old and fallers and non-fallers. Irregular CoP was 
associated with poor balance performance. 
 
3 In preparation. Faller Adapt differently to Change of Support Surface Compliance Than Non-fallers; a Prospective 
Cohort Study Of Community Dwelling Older Individuals. Authors: W. van den Hoorn, P. W. Hodges, J. H. van Dieën, 
G. K. Kerr. 
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3.1 Introduction 
Balance control deteriorates with ageing as a consequence of age-related decline of the 
physiological functioning of the sensorimotor system (Lipsitz & Goldberger, 1992; Vaillancourt & 
Newell, 2002). One-third of individuals older than 65 years fall each year, sometimes causing serious 
injury. Because poor balance control contributes to falls risk, it is plausible that assessment of balance 
performance could aid identification of individuals more likely to fall (Lord et al., 1991; Maki et al., 
1994). The ability to regulate postural sway is commonly measured using a force plate and this data 
can be quantified in many ways, including linear and non-linear measures. To date, results of these 
methods are variable, challenging to interpret and not always different between individuals who go 
on to fall and those who do not. 
The balance control system is a complex system as it consists of many parts which are diverse 
and overlap in function, and interact with non-linear feedback loops at many time-scales (Lipsitz & 
Goldberger, 1992). High complexity enables concurrent success with multiple goals (e.g., concurrent 
balance disturbances from breathing and support surface compliance) and adaptability to change 
(Goldberger et al., 2002). Altered balance control in elderly individuals has been reported to involve 
narrowing of the physiological functional range of balance control systems. For example, ageing is 
characterized by muscle atrophy (Frontera, 2017), loss of muscle fiber type diversity (Nilwik et al., 
2013), reduced acuity of the sensory system (Goble et al., 2009; Shaffer & Harrison, 2007), and 
reduced ability to dynamically adapt the sensory system to changes in the environment (Eikema et 
al., 2013). These age-related changes reflect reduced functional ‘complexity’ of the control system 
(Lipsitz & Goldberger, 1992). Low functional complexity limits control to few elements and limits 
adaptability (Goldberger et al., 2002). There is some controversy regarding interpretation of 
complexity from balance measures. 
From one perspective, it is argued that lower complexity of the balance control system would 
induce CoP motion that has a less complex structure (Costa et al., 2005). This is because output of 
less complex systems would lack complex type of variability expressed as correlations at different 
time-scales (Goldberger et al., 2002; Vaillancourt & Newell, 2002) and present as simple and regular 
CoP motion. This ‘complexity’ has been assessed using probabilistic non-linear measures such as 
MSE (Costa et al., 2005), which reflect the underlying information content of the signal at different 
timescales. Signals that contain less information are considered to be less complex or regular. Less 
complex postural sway patterns are thought to reflect suboptimal control of balance and have been 
linked with future falls (Zhou et al., 2017), high level sensory impairment (Manor et al., 2010) and 
frailty (Kang et al., 2009). This forms a foundation for the reduced complexity in ageing and disease 
hypothesis. 
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Another perspective suggests postural sway contains deterministic and regular features, which 
are high in young adults (Riley et al., 1999) and low in elderly individuals (Seigle et al., 2009). As 
such, the properties of the signal have low complexity, and thus present a contrasting view of low 
complexity to the negative interpretation described above. A deterministic system reflects a system 
which is predictable in that previous states of the system uniquely determine future states (Strogatz, 
1994c). Sway contains features that can partly be modelled as the motions of an inverted pendulum 
(Bottaro et al., 2005; Smith, 1957). The inverted pendulum is a deterministic and hence predictable 
system, using known inverted pendulum states (i.e., angular position and velocity), future states can 
be predicted by integrating the motion equation. Ankle joints form the hinge about which the legs and 
upper body rotate (sway), and the mid-point of the pendulum represents the body’s CoM. Because an 
inverted pendulum is inherently unstable, toppling behaviour of the inverted pendulum must be 
monitored and controlled to regulate the CoM to stay within the support surface area (Horak et al., 
1989). Of the theories of balance control (Bottaro et al., 2005; Loram et al., 2001; Peterka, 2002; 
2003; Winter et al., 1998; Zatsiorsky & Duarte, 1999; 2000), the intermittent control theory has 
gained increasing support (Loram & Lakie, 2002b; Loram et al., 2004; 2005; Vieira et al., 2012). 
Intermittent control involves continuous monitoring of postural sway but with intermittent burst like 
control actions of postural muscles to maintain overall stability (Loram et al., 2005; Vieira et al., 
2012). It is also referred to as a series of ‘catching’ and ‘throwing’ (Loram & Lakie, 2002a). From 
this perspective, postural control could take advantage of pendulum like dynamics without active 
control (Asai et al., 2009). In contrast to the reduced complexity with ageing and disease hypothesis, 
deterministic sway may reflect optimal use of intermittent control. Whether sway regularity, which 
reflects less complex motion, represents compromised control is debatable. 
Two issues require consideration with respect to interpretation and quantification of postural 
sway using non-linear measures of CoP motion. First, in terms of understanding balance control, in 
additional to MSE, other non-linear measures that inform about underlying dynamical structure of 
postural sway may have added value to explore the deterministic nature and complexity of postural 
sway. For example, DFA and RQA could be used to assess correlations at different time scales and 
deterministic features, respectively (Marwan, 2003; Peng et al., 1994; Riley et al., 1999). Second, 
higher predictability and regularity of postural sway can have different interpretations; either due to 
low complexity of the control system, which might be considered rigid and suboptimal, or due to 
appropriate use of the inverted pendulum dynamics for balance control, which might be considered 
optimal. Separating these two interpretations is important to distinguish between normal/healthy, and 
abnormal/unhealthy postural control. One possibility to make this distinction is to combine modelling 
of postural sway as pendulum dynamics using intermittent control theory (with linear measures) to 
understand the ‘source’ of the underlying CoP time series together with non-linear measures of CoP 
Chapter 3: Study One 
 60
motion to understand the dynamical structure. This dual approach could be used to more accurately 
interpret differences in balance control between elderly who do or do not report subsequent falls and 
younger individuals, than can be achieved with these methods separately. It was hypothesized that 
the CoP motion is more regular / deterministic in young than old, and that CoP motion is more regular 
/ deterministic in individuals who do not go on to fall than those who do. 
3.2 Methods 
3.2.1 Participants 
Two-hundred-and-forty-four participants older than 65 years of age volunteered for this study 
with mean ± SD age, height, weight of 75± 6 years, 1.68 ± 0.09 m, and 75.1 ± 14.6 kg. Participants 
were recruited from the Brisbane metropolitan area via the Australian electoral role. An invitation 
letter was sent, including an information sheet outlining the potential benefits and risks of the study. 
Twenty-five participants between 18 and 25 years of age were also recruited for this study, with mean 
± SD age, height, and weight of 22 ± 3 years, 1.71 ± 0.06 m, 75.1 ± 14.6 kg. They were recruited 
from the student populations from the local universities and by word of mouth. Participants were 
excluded if they had ocular disease, recent or recurrent history of musculoskeletal injury and surgery, 
were unable to ambulate independently without the use of a walking aid, exhibited any neurological 
disorders (e.g., Parkinson’s Disease), or were cognitively impaired [i.e., Mini mental state exam score 
< 24, (Folstein et al., 1983)]. The experiment protocol was approved by the Institutional Human 
Research Ethics Committee and conformed to the Declaration of Helsinki. Data from some of these 
participants during other tasks has been reported elsewhere (Study Two, Chapter 4). 
3.2.2 Measurement of prospective falls 
The elderly participants maintained a weekly falls diary which they returned monthly via reply 
paid post for one year. A fall was defined as: “unintentionally coming to the 
ground or some lower level be it a chair, bed or the floor for example, not as a result of a major 
intrinsic event (e.g., stroke) or overwhelming hazard.” (Lord et al., 2003; Tinetti et al., 1988). A 
participant reporting 1 or more falls was defined as a ‘faller’, a participant reporting 0 falls was 
defined as a non-faller within the 12-month follow-up period. 
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3.2.3 Experimental setup and procedure 
Balance was assessed using a force plate (AMTI, OR6-6, Watertown, MA, US) during four 
different conditions; standing on the force plate (firm surface) and standing on a 60 × 60 × 15 cm 
medium density foam rubber (Lord et al., 2003) surface, with either eyes open or blind folded. The 
force plate was placed in the middle of the room (10 m × 16 m). During eyes open conditions, 
participants looked at a fixed point on a wall 5 m away. The order of the conditions was randomized. 
In each condition, participants were asked to stand as still as possible with the arms hanging by their 
side. Data collection started after ~20 s to ensure participants reached a steady state. Then, balance 
was recorded for 30 s. Each condition was repeated for 4-7 times. 
Force plate data were digitized with 16-bit precision at a sampling rate of 1000 samples/s 
using a Vicon Mx Giganet data acquisition system with the Vicon Motus software (v9.2.0; Vicon, 
Oxford, UK). 
3.2.4 Data analysis 
Data were analysed offline with Matlab (R2017a, Mathworks inc., Natick, MA, USA). CoP was 
calculated and analysed in the anterior-posterior (AP) direction. Data analyses were limited to AP as 
CoP motion in the medio-lateral direction does not always reflect inverted pendulum motion (Duarte 
& Freitas, 2010; Lafond et al., 2004). CoP data were prepared differently depending on the analysis 
method. Further data preparation is described in each individual section. All measures were calculated 
for each available repetition of the balance task. 
Filtering of CoP data for the linear, DFA, and RQA methods. CoP data were filtered using a 
bi-directional, second order low pass Butterworth filter. The Cut-off frequency of the filter was set at 
20 Hz; bi-directional filtering increased the filter order to 4. CoP data were then decimated to 100 
samples/s. 
Filtering of CoP data for the for the estimation of the CoM. Different methods can be used to 
estimate the position of the body’s CoM, such as estimation from kinematics, zero-to-zero point 
double integration of shear forces, and by low pass filtering the CoP motion. The differences between 
these CoM estimation methods are small (Lafond et al., 2004). In view of its simplicity of use, we 
estimated the body’s CoM using the low-pass filtering method (Caron et al., 1997). The applied filter 
was a bi-directional, first order 0.33 Hz low pass Butterworth filter. Bi-directional filtering increased 
the filter order to 2. The frequency response of this low pass filter is similar to the filter described by 
Caron et al. (1997). CoM velocity was calculated by differentiating the estimated CoM position. 
Filtering of CoP data for the MSE method. The MSE method as applied by Zhou et al. (2017) 
was matched as closely as possible. In their study, CoP motion was sampled at 240 samples/s. As it 
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is impossible to decimate CoP data to this sampling rate from its original 1000 samples/s, data were 
decimated at 250 samples/s. Prior to decimation, data were low pass filtered to avoid aliasing using a 
bi-directional, second order low pass Butterworth filter. The cut-off frequency of the filter was set at 
125 Hz, bi-directional filtering increased the filter order to 4. 
3.2.5 Linear measures 
Sway velocity (mms-1) was calculated as the sum of the absolute distances between 
consecutive data points divided by the recorded duration. 
3.2.6 Multiscale sample entropy 
Because MSE is sensitive to non-stationarities within the data, data were first decomposed 
using empirical mode decomposition (Wu & Huang, 2011) and signals that contained information 
below 0.2 Hz and above 20 Hz were removed (Zhou et al., 2017). 
For each time series, multiple coarse-grained time series were generated by averaging the data points 
within non-overlapping windows of increasing length (tau: ranging from 1-41 samples). The new 
course grained signals represent information at different timescales of the original signal. The sample 
entropy was calculated for each coarse-grained time series (Goldberger et al., 2000). The sample 
entropy algorithm searches for sequences within the time series that match templates (2 samples, 
M=2) derived from the time series itself within a certain threshold (r) amplitude. The threshold r was 
set at 15% of the standard deviation of the original time series (Costa, Goldberger, & Peng, 2002a) 
for all coarse-grained time series. Then 1 sample was added to the template, and the number of 
sequences that remain when the template length is increased was determined. The entropy is the 
negative natural logarithm of the ratio of the number of sequences for the templates of M=3 and M=2, 
and reflects the probability that sequences remain matched if a data point is added to the template. If 
sequences remain matched, the signal does not contain additional information and is therefore 
considered to be more regular or less complex. The entropy values of each coarse-grained time series 
were summed and provided an overall indication of signal regularity at the different timescales. 
3.2.7 Intermittent control of standing balance: inverted pendulum model 
 The estimate of CoM motion was used to model upright balance control using the intermittent 
control theory (Bottaro et al., 2005; 2008). Upright balance control assumes upright stance as an 
inverted pendulum that is intermittently controlled to maintain upright balance. The equation of 
pendulum motion is known and requires angular position and angular velocity inputs to enable 
prediction of future states. The movement behaviour of a pendulum without any active control can 
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be visualized using a phase portrait (Figure 3.1) in which the angular position (or linear position) and 
angular velocity (or linear velocity) are plotted against each other. 
 
 
Figure 3.1. The phase portrait of uncontrolled pendulum movement behaviour. Position (x-axis) and velocity (y-axis) are 
plotted against each other. The grey lines in the graph represent the overall behaviour of the pendulum using different 
initial conditions, i.e., they reflect the motions of the pendulum with several different values of position and velocity. The 
grey arrows reflect the movement direction. The graph can be divided into 4 quarters. The upper left and lower right 
quarters, in which the green arrows are positioned, reflect pendulum motion that moves towards the upright equilibrium. 
These quarters of the phase portrait are also referred to as the ‘stable manifolds’. The upper right and lower left quarters, 
in which the red arrows are positioned, reflect falling pendulum motion. These regions are sometimes referred to as the 
‘unstable manifolds’. The coloured arrows (red and green) attached to the human pictograms represent an arbitrary CoM 
velocity vector and highlights the behaviour of the nearest quadrant. The - - symbols represent the CoM and the red and 
green arrows attached to the CoM represent the CoM speed and direction of the pictograms. 
To maintain upright balance, postural corrections need to be applied when the CoM is moving in the 
unstable manifolds of the phase portrait (the upper right and lower left quadrants in Figure 3.1) to 
change the direction of the CoM towards the stable manifolds; the upper left and lower right corners 
in Figure 3.1. This is visualised in Figure 3.2, which displays CoM motion of an elderly individual 
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superimposed on passive inverted pendulum behaviour. CoM moving in the stable manifolds would 
require minimal postural activity, because the CoM has enough velocity to move without additional 
active control towards the stable manifold, due to the bursting activity of postural muscles in the 
unstable manifolds (Vieira et al., 2012). 
 
 
Figure 3.2. Center-of-mass (CoM) motion and pendulum phase portraits. The pendulum phase portrait (light grey lines) 
is plotted as the back ground in figure (A-D). (A) shows an example of CoM of an elderly individual in black. (B-D) show 
the different parts of intermittent control, the coloured arrows show the direction of motion in each of these graphs of 
some of the CoM motions. (B) Displays the pendulum like behaviour in purple, this includes CoM behaviour in the stable 
(lower right and upper left) manifolds and unstable (upper right and lower left) manifolds, during these periods minimal 
postural activity would be required. (C) Displays the (ballistic) balance corrections in blue. Postural activity causes the 
CoM velocity to change and move the CoM in the opposite direction compared to normal pendulum behaviour. The 
ballistic correction mostly follows after purple motion (B) and tends to move the CoM towards the stable manifolds. (D) 
Displays the transitional behaviour of the CoM. This reflects behaviour that is not actually ballistic, presumably due to 
the fact that forces cannot be generated or changed instantaneously. 
 From Figure 3.2, several parameters can be extracted. The percentage of ballistic corrections 
(%ballistic); and duration of motion in stable and unstable manifolds (i.e., deterministic behaviour). 
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The time points in which the CoM was moving like a pendulum or was moving in the direction 
opposite to pendulum motion or was transitioning between these two were calculated as follows. First 
the pendulum flow direction was calculated using the known states of the CoM using Equation 3.1. 
 
Equation 3.1 
!"#$%&'(') = +,ℎ ./0(2) 4542 ./0(2)6 ÷ 8+,ℎ ./0(2) 4542 ./0(2)68 
 
Where , is gravity and ℎ is the height of the CoM of the participant, which was set at 52% of the 
total height (Bottaro et al., 2005). The direction of the CoM flow was calculated using Equation 3.2. 
 
Equation 3.2 
!"9:; = +4<542< ./0(2) 4542 ./0(2)6 ÷ 8+4<542< ./0(2) 4542 ./0(2)68 
 
Then, the scalar product between the direction of pendulum motion and CoM motion (Figure 3.3) 
was calculated using Equation 3.3. 
 
Equation 3.3 = = !"9:; ⋅ 	!"#$%&'(') 
 = ranges in between [−1	1], if = > 0.75 then CoM motion was considered to move as an unactuated 
pendulum; when = < −0.75 then CoM motion was considered to be in the direction opposite to 
unactuated pendulum motion, −0.75 > = < 0.75 was defined as CoM motion in transition (Figure 
3.3). 
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Figure 3.3. Intermittent control of upright balance. = is the angle between the directional flow of the center-of-mass 
(CoM) and pendulum in the phase portrait and ranges between [-1 1]. The = versus time plot is from the same elderly 
individual represented in Figure 3.2. Purple lines represent the CoM moving in the same direction as an unactuated 
pendulum (= > 0.75). The orange lines represent CoM transitions (−0.75 > = < 0.75). Blue lines represent CoM 
motion in the opposite direction of unactuated pendulum motion (= < −0.75). 
In addition, in each individual 30 s trial, the average amount of CoM velocity at which ballistic 
corrections were applied in forward direction (ankle dorsiflexor muscle activity) and backward 
direction (ankle plantarflexor muscle activity) were determined. These parameters reflect the velocity 
thresholds at which balance is corrected. Higher thresholds could be related with affected sense of 
upright balance. Because the amount of CoM velocity in the forward and backward was similar when 
ballistic corrections were applied, data were combined. Finally, to assess the degree of ‘tuning’ of the 
ballistic correction, the slope of the regression between velocity of CoM at which the ballistic 
correction started and the resulting duration of ballistic CoM motion (Figure 3.2 C) in opposite 
direction was determined. A steep slope is related to a postural response that is proportional to the 
velocity of CoM in the unstable quadrants of the phase portrait. This assumes that appropriate balance 
control exhibits optimised muscle responses that depend on the actual balance stability requirements, 
i.e., the velocity state of the inverted pendulum. This would require appropriate sense of postural 
changes and ability to control the postural response. 
3.2.8 Detrended fluctuation analysis 
DFA was applied to estimate the fractal nature of CoP motion. As with fractal structures, 
zooming in on a time series reveals fluctuations that resemble the fluctuations of the whole signal. In 
the case of DFA, similarity at different zoom levels is roughly determined using the amplitude of 
fluctuations after correction of a linear or higher order trend (Peng et al., 1994). If larger amplitude 
fluctuations are revealed at shorter time-scales (i.e., zooming in) then the signal has a rough, non-
1050 15 20 25 30
Time (s)
-1
-0.5
0
0.5
1
θ 
C
oM
-p
en
du
lu
m
Chapter 3: Study One 
 67
smooth appearance. If zooming in does not reveal more amplitude, then the signal has a smooth 
appearance. The former reflects CoP motion that tends to turn back towards the direction it came 
from (anti-persistent), the latter reflects CoP motion tends to continue in the same direction 
(persistent). 
To calculate DFA, the CoP signal was first integrated over time to allow assessment of 
fluctuations at longer time scales (Delignières et al., 2010). However, integration will inflate the slope 
between fluctuations and the different time scales. Because CoP motion is already somewhat non-
stationary (Riley et al., 2012), the slope was interpreted as integrated Brownian motion. If the slope 
is >1.5, then CoP motion is persistent and higher values reflect smoother CoP motion. If the slope is 
<1.5, the CoP motion is anti-persistent and lower values reflect CoP motion that is less smooth. The 
signal was then divided into smaller time windows with 50% overlap, which reflect the different 
zoom levels (Figure 3.4). In each time window, the local linear trend was subtracted, and the RMS 
fluctuations of the remaining integrated CoP motion were determined. The window sizes ranged from 
0.10 – 10 s and were logarithmically spaced. The regular manner in which detail is revealed by 
zooming in is reflected by the linear region on the log-log plot of fluctuations vs. time scales 
(Mandelbrot, 1982a). 
Inspection of the log–log plots revealed a bilinear pattern (Figure 3.4). Hence, we calculated 
the slopes at shorter (DFA1) and longer (DFA2) time scales and the time point that marked the 
boundary between the two regions (DFAtau). Fluctuations were modelled using two linear regression 
fits assuming continuity between the end of the first and the start of the second linear regression fit. 
The optimal fit of the two linear regressions to the data were found by minimizing the sum of the 
squared errors between combined linear regression fits and actual data. DFAtau was defined as the 
time point in between the linear regression fits. The slope DFA1 was always greater than 1.5, and the 
slope DFA2 of the second region was always smaller than 1.5, which reflects persistent and anti-
persistent CoP motion at shorter and longer timescales, respectively. DFAtau reflects the time scale at 
which CoP motion changes from persistent to anti-persistent motion. Smooth COP dynamics, without 
fast corrections, would be represented by a greater DFA1 and DFA2 with a high DFAtau. A lower 
DFA1 and DFA2 with a lower DFAtau would stem from CoP motion that is less smooth, and less 
persistent at smaller time scales and less smooth and less persistent at larger time scales. Smoother 
CoP motion is more likely to be deterministic. 
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Figure 3.4. Detrended fluctuation analysis (DFA) method. (A) Example of a 30-s center-of-pressure (CoP) motion of a 
non-faller during standing on the firm surface with eyes open. (B) CoP was integrated, then fluctuations of CoP around 
linear fits over windows ranging from 0.10 – 10 s were determined with 50% overlap. Example of 3.24 s time scale is 
given (orange lines). (C) Log-log plot of time windows vs. fluctuations. Two linear regions were fit by minimizing the 
squared errors between the combined linear fits and actual data. DFA1 and DFA2 reflect the general organization of 
fluctuations at shorter and longer time scales, respectively. DFAtau reflects the time scale between DFA1 and DFA2. 
3.2.9 Recurrence quantification analysis 
To capture CoP dynamics, data were analysed using methods of delay embedding (Webber & 
Marwan, 2014). Time-delayed copies are used to create a volume (phase space) in which the CoP 
motion represents the history of all balance solutions or phases (see Figure 3.5 for a 3-dimensional 
representation). The dimensionality of the phase space was determined using false nearest neighbour 
analysis (Kennel et al., 1992) and was fixed to 5 dimensions (i.e., the original signal plus 4 time 
delayed copies of the CoP signal, Figure 3.5). The time delay was estimated separately for each 
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individual 30-s CoP motion signal using the average displacement method (Rosenstein et al., 1994). 
On average the delay was 12 (95% CI 12-13) samples for both fallers and non-fallers and 17 (95% 
CI 14-19) for the young group. The main advantage of this method is that the delay is determined 
using the pre-set dimension of the phase space. In this space, the time delay that generates enough 
separation of the main ‘attractor’ is determined (Rosenstein et al., 1994). The phase space contains 
the observed states reflected by the time-delayed copies of CoP motion. Within this phase space, CoP 
motion can revisit or recur previous states/positions in phase space. The time points at which these 
recurrences of CoP motion occur can be visualized using a 2-dimensional recurrence plot (Eckmann 
et al., 1987). There are two distinct dynamical features of CoP motion that can be recognized in the 
recurrence plot; recurrences can form diagonal lines and vertical lines (see Sections 3.2.9.1 and 
3.2.9.2). These features can be quantified using RQA analysis (version: 5.21, Release 31, Marwan, 
2003; Marwan et al., 2007) and higher values represent more deterministic and more laminar 
dynamics of the CoP signal, respectively. 
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Figure 3.5. Recurrence quantification analysis (RQA) method. (A) Center-of-pressure (CoP) motion (30 s) in anterior-
posterior direction, example of a non-faller standing on firm with eyes open. (B) Delay-embedding with tau (т) of 21 
samples. Delayed copies of CoP motion are used to provide a geometrical representation of CoP dynamics. (C) A phase 
space is created by plotting the delayed CoP copies against each other. Note that the example is given in 3D, but analysis 
was performed in 5D. (D) The recurrence plot represents the recurrences of CoP in the phase space depicted in (C); by 
creating a 2D recurrence plot by adapting the recurrence threshold distance to fix the recurrence rate to 5%. Temporally 
close recurrences were excluded (<1 s, Theiler window) which is represented by the greyed area along the line of identity 
(were CoP recurs with itself). Two examples are shown that represent a diagonal (in light and dark green) and vertical 
recurrence structures (in red). These examples are also shown in the zoomed in views in the phase space in (C). The light 
and dark green represents CoP motion running parallel in phase space and the red line represents CoP motion that revisits 
and remains in a region in phase space represented by the red dot in (C) and (D). The time series to the left and underneath 
the recurrence plot represent the CoP motion and provides an indication where the highlighted (green and red) recurrences 
occurred. Note these locations are approximations as recurrences were determined in a 5D phase space. 
The following settings were used to define recurrences. To avoid inclusion of temporally close 
recurrences, a Theiler window set at 1 s was used. The threshold, below which a recurrence is defined, 
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was set to fix the total recurrences to 5% (outside the Theiler window). Recurrence rate was fixed 
because level of recurrence rate affects the RQA (Riley et al., 1999). To avoid amplitude bias, the 
recurrence threshold is usually based on some form of amplitude measure, such as a percentage of 
maximal attractor dimension or mean distance between points in phase space. However, because size 
of diameter can be biased by large CoP motion excursions and not all areas in phase space will be 
visited equally frequently, these normalisation procedures could bias recurrence rate, especially in 
shorter time series. These issues can be avoided by adapting the recurrence threshold to fix recurrence 
rate to 5% (Assessment of Impact of Method to Determine Recurrence Threshold on Within-Session 
Reliability of Recurrence Quantification Analysis). This would also allow for better between group 
comparisons. 
3.2.9.1 Diagonal line features in the recurrence plot 
Recurrences that form diagonal lines in the recurrence plot are linked with CoP motion at 
different time points that exhibit similar spatial and temporal patterns within the recurrence threshold 
(Figure 3.5). Because the CoP motion sections are spatially and temporally similar, diagonal line 
sections reflect the deterministic behaviour of CoP motion (Webber & Marwan, 2014). The following 
variables were extracted; percentage determinism (%DET), which reflects the total percentage of all 
recurrences that form diagonal line lengths of longer than 100 ms; and the mean length of the diagonal 
line segments (Lmean), which reflect the mean length of these deterministic features, also referred to 
as ‘horizon of predictability’ (Lighthill, 1986). 
3.2.9.2 Vertical line features in the recurrence plot 
From time to time, CoP motion exhibits periods in which CoP motion is relatively stationary. 
These periods form vertical lines in the recurrence plot, also referred to as laminarity. Bottaro et al. 
(2005) described these time periods, which the authors named ‘B-type’, as balance control in which 
the CoM is temporarily halted. For example, in a forward ‘position, these sections reflect a temporary 
‘balance’ between torque generated by the calf muscles and the torque due to gravity pulling on the 
CoM. The total percentage of all recurrences that form vertical line sections of longer than 100 ms 
reflects the percentage laminarity (%LAM). The length of these time periods, as measured by TT, 
reflects the mean duration of all relatively stationary periods (Figure 3.5). Laminar CoP motion 
reflects the ability to ‘tune’ postural muscle torque to closely match torque generated by gravity. This 
likely requires accurate sensing and control of posture. 
To avoid ceiling effect in RQA %DET and %LAM and impact of spurious recurrences 
(Marwan, 2011), a diagonal or vertical line features was defined if recurrences formed a continuous 
line that were 10 samples (100 ms) or longer (Ramdani et al., 2013; Seigle et al., 2009). 
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3.2.10 Statistical analysis 
Stata (version 14 SE, StataCorp LP, College Station, TX, USA) was used to perform the 
statistical analysis. The threshold for significance was set at P<0.05. 
Differences between groups (fallers, non-fallers, young) and conditions (firm eye open, firm 
eyes closed, foam eyes open, foam eyes closed) and potential group × condition interactions for each 
of the dependent CoP variables were assessed using Generalized Estimating Equations (GEE). All 
available repetitions were included in the model. The probability distribution family (i.e., Gaussian, 
inverse Gaussian, or gamma) of the GEE model was adapted to suit the probability distribution of the 
dependent variable. Within group correlations were modelled using an exchangeable correlation 
structure, the link function was set to identity in all cases, and standard errors were calculated 
robustly. If no significant group × condition coefficients were observed, then the interaction was 
removed from the model. In case of a significant interaction, model coefficients reflecting differences 
between groups at each condition; coefficients reflecting the effect of condition (eye closure on firm 
or foam, change of support surface with eyes open or closed) within each group and coefficients 
reflecting the marginal effects between fallers and non-fallers and between the elderly groups and 
young and their corresponding P-values were extracted. 
This analysis strategy allowed for exploration of different postural adaptation strategies 
related to eye closure on firm or foam and change of support surface compliance with eyes open or 
closed. In the case of a significant group × condition interaction, group strategies were further 
explored to examine whether adaptations were different between groups. A different adaptation 
strategy between groups required two significant observations; i) the compared groups must be 
significantly different during the more challenging balance condition, and ii) the marginal effect, i.e., 
the amplitude of the adaptation, must be significantly different between the compared groups as well. 
Differences in demographic variables between fallers and non-fallers were assessed using 
dependent t-tests, and Chi2 for gender. Figures were generated using the extracted GEE coefficients 
and the corresponding 95% CI. 
3.3 Results 
3.3.1 Falls incidence 
One-hundred-and-ten out of 244 elderly participants reported 1 or more falls. Of these 
participants, 1 reported 7 falls, 2 reported 6 falls, 2 reported 5 falls, 4 reported 4 falls, 12 reported 3 
falls, 28 reported 2 falls, and 58 participants reported 1 fall. Using the prospective falls data, the 
elderly were grouped into fallers (1 or more prospective falls) and non-fallers. Table 3.1 shows means 
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(SD) of demographics of the fallers, non-fallers and young groups. Age, height, weight, sex, did not 
differ significantly between fallers and non-fallers (all, P>0.12, Table 3.1). Study Two involved a 
subset of these participants. 
 
Table 3.1. Participant demographics. 
  n Height (m) Weight (kg) Age (years) gender 
Fallers 110 1.69 (0.08) 75 (15) 75 (6) 47 ♀, 63 ♂ 
Non-fallers 134 1.68 (0.09) 75 (14) 74 (6) 63 ♀, 71 ♂ 
P-value 
 
0.47 0.82 0.12 0.50 
  
     
Young 20 1.71 (0.06) 75.1 (14.6) 22.4 (2.7) 16 ♀, 9 ♂ 
Data are presented as mean ± standard deviation, probability (P) of independent 2-tailed t-tests (Chi2 for gender) between 
fallers and non-fallers are shown. 
Results are organised as follows. First, group differences between young and elderly individuals 
at each balance condition are reported. Second, differences between young and elderly individuals in 
adaptation strategies related to eye closure on firm or foam and support surface change with EO or 
EC are reported. In this section, only the significant marginal effects are reported, reflecting different 
postural adaptation strategy. For the balance condition effects we refer to the figures. Third, group 
difference between fallers and non-fallers at each condition are reported. Fourth, differences between 
fallers and non-fallers in adaptation strategies are reported. 
In each of these sections the following structure is used. A brief overview of the general findings 
is provided first. Then, linear and non-linear measures that quantify regularity of sway are reported, 
followed by linear and non-linear measures that quantify active control of standing balance are 
reported. Outcome variables that quantify regularity are: MSE, intermittent control (deterministic 
pendulum sway duration), DFA (DFA1; smoothness), and RQA (%DET and Lmean). Outcome 
variables that reflect active corrections are: intermittent control (%ballistic, fall speed before 
correction, and gain of correction), DFA (DFA2 and DFAtau, anti-persistent or corrective CoP motion 
and relative timing of anti-persistent CoP motion, respectively), and RQA (%LAM and TT, 
temporary balance between postural and gravitational torque). 
3.3.2 Regularity of posture of young and elderly individuals 
Overall, below findings regarding regularity suggest that younger individuals exhibit in 
general more regular postural sway than elderly individuals and that young increase regularity of 
sway more than elderly when balance is challenged or elderly decrease regularity of sway when 
balance is challenged. 
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3.3.2.1 Regularity of posture, differences between young and elderly 
MSE values were lower (i.e., more regular) in young than old during all balance conditions 
(P<0.04, Figure 3.6). The duration of deterministic pendulum motion was longer in young than old 
(P<0.03, Figure 3.7) except in the firm EO balance condition. During this condition the young also 
exhibited longer deterministic pendulum motion compared to fallers (P=0.02) but young were not 
significantly different from non-fallers (P=0.11). CoP motion of young was smoother, as measured 
by DFA1, than fallers when standing on firm with EO (P=0.01, Figure 3.8). CoP motion of young 
was also smoother than elderly when standing on foam with EO or EC (P<0.001). Young exhibited 
a higher percentage of regular features in CoP motion (RQA: %DET) compared to the elderly only 
when standing on foam (P<0.001, Figure 3.9). The duration of regular features (RQA: Lmean) was 
longer in young than old during all balance tasks (P<0.02, Figure 3.9). 
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Figure 3.6. Multiscale sample entropy (MSE) of CoP motion results. (A) Displays the group means (red = fallers; 
green = non-fallers; blue = young) and 95% CI during the different balance conditions (Firm with eyes open [EO] 
or closed [EC]; Foam with EO or EC). Black brackets denote significant group differences between young and the 
elderly groups. (B) Displays the effect of the balance conditions (Eye closure on firm or foam; support surface 
change with EO or EC) in each group. Black brackets denote significant marginal effects between young and the 
elderly groups. The coloured diamond shapes in (B), which correspond to the group colours, reflect significant 
condition effects of that group. Significance level: P<0.05. 
3.3.2.2 Regularity of posture, differences between young and elderly in adaptations to eye closure 
MSE values decreased, indicating increased regularity, in young but not in elderly with eye 
closure when standing on the firm surface (P=0.001, Figure 3.6). The duration of deterministic 
pendulum motion decreased with eye closure on firm in the elderly groups, but not in the young group 
(Figure 3.7). This adaptation strategy was significant between young and non-fallers (P=0.02) but 
not between young and fallers (P=0.07). Duration of deterministic pendulum motion decreased with 
eye closure on foam in all groups, but decreased more in the young than elderly group (P<0.05, Figure 
3.7). The duration of regular features (RQA: Lmean) decreased with eye closure on firm in the elderly 
groups but not in the young group, this adaptation was significant between young and non-fallers 
(P=0.05), but not between young and fallers (P=0.12, Figure 3.9). 
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Figure 3.7. Inverted pendulum model results. (A) Displays the group means (red = fallers; green = non-fallers; blue 
= young) and 95% CI during the different balance conditions (Firm with eyes open [EO] or closed [EC]; Foam with 
EO or EC). Gain is defined as follows; a unit increase in center-of-mass (CoM) falling velocity at end of falling 
(before postural correction) is positively related to an x increase in opposite pendulum motion duration, where x is 
the gain. Black brackets denote significant group differences between young and the elderly groups. Red brackets 
denote significant group differences between fallers and non-fallers. (B) Displays the effect of the balance 
conditions (Eye closure on firm or foam; support surface change with EO or EC) in each group. Black brackets 
denote significant marginal effects between young and the elderly groups. Red brackets denote significant marginal 
effects between fallers and non-fallers. The coloured diamond shapes which correspond to the group colours, reflect 
significant condition effects of that group. Significance level: P<0.05. 
3.3.2.3 Regularity of posture, differences between young and elderly in adaptations to support 
surface change 
MSE values decreased (i.e., more regular) from firm to foam with EO in the young group but 
not in the elderly (P<0.03, Figure 3.6). The duration of deterministic pendulum motion increased in 
the young group but not in the elderly from firm to foam with EO (P<0.001, Figure 3.7). Smoothness 
of CoP motion, as measured by DFA1 increased in young from firm to foam with EO or EC but 
decreased in non-fallers from firm to foam with EO and in both fallers and non-fallers from firm to 
foam with EC (P<0.001, Figure 3.8). From firm to foam with EO or EC all groups increased the 
percentage regular feature (RQA: %DET, Figure 3.9) but young increased %DET more than elderly 
from firm to foam with EO (P<0.011, Figure 3.9) and young increased %DET more than non-fallers 
from firm to foam with EC (P=0.03), but this was not significant from fallers (P=0.06). From firm to 
foam with EO, elderly decreased the duration of regular feature (RQA: Lmean) but young did not 
(P<0.024, Figure 3.9). 
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Figure 3.8. Detrended fluctuation analysis (DFA) results. DFA1 reflects persistent CoP motion behaviour (DFA > 
1.5), and DFA2 reflects anti-persist CoP motion behaviour. The timing of the change in CoP behaviour is reflected 
by DFAtau. (A) Displays the group means (red = fallers; green = non-fallers; blue = young) and 95% CI during the 
different balance conditions (Firm with eyes open [EO] or closed [EC]; Foam with EO or EC). Black brackets 
denote significant group differences between young and the elderly groups. Red brackets denote significant 
difference between fallers and non-fallers. (B) Displays the effect of the balance conditions (Eye closure on firm or 
foam; support surface change with EO or EC) in each group. Black brackets denote significant marginal effects 
between young and the elderly groups. Red brackets denote significant difference between fallers and non-fallers. 
The coloured diamond shapes which correspond to the group colours, reflect significant condition effects of that 
group. Significance level: P<0.05. 
 
 
D
FA
1
D
FA
ta
u
D
FA
2
Firm Foam
EO EC EO EC
Eye closure Firm    Foam
Firm Foam EO EC
Group mean ± CI Mean condition effect ± CI
(A) (B)
1.5
1.6
1.7
1.8
1.9
2
-0.1
-0.05
0
0.05
0.1
0
0.5
1
1.5
-0.3
-0.2
-0.1
0
0.1
0.2
0.3
0.8
0.9
1
1.1
1.2
1.3
1.4
1.5
1.6
-0.4
-0.2
0
0.2
0.4
0.6
Chapter 3: Study One 
 79
 
 
 
 
 
Chapter 3: Study One 
 80
 
 
 
 
L m
ea
n 
(s
am
pl
es
) 
%
D
ET
TT
 (s
am
pl
es
)
%
LA
M
Firm Foam
EO EC EO EC
Eye closure Firm    Foam
Firm Foam EO EC
Group mean ± CI Mean condition effect ± CI
(A) (B)
80
85
90
95
100
-2
0
2
4
6
8
10
25
30
35
40
45
50
-10
-5
0
5
10
80
85
90
95
100
-2
0
2
4
6
8
10
25
30
35
40
45
50
-10
-5
0
5
10
Chapter 3: Study One 
 81
Figure 3.9. Recurrence quantification analysis (RQA) results. Recurrent behaviour of CoP motion that result in 
diagonal (%DET & Lmean) and vertical line features (%LAM & TT) in the recurrence plot. This reflects CoP motion 
that is deterministic and regular or relatively stationary, respectively. (A) Displays the group means (red = fallers; 
green = non-fallers; blue = young) and 95% CI during the different balance conditions (Firm with eyes open [EO] 
or closed [EC]; Foam with EO or EC). Black brackets denote significant group differences between young and the 
elderly groups. Red brackets denote significant difference between fallers and non-fallers. (B) Displays the effect 
of the balance conditions (Eye closure on firm or foam; support surface change with EO or EC) in each group. Black 
brackets denote significant marginal effects between young and the elderly groups. The coloured diamond shapes 
which correspond to the group colours, reflect significant condition effects of that group. Significance level: P<0.05. 
3.3.3 Active balance corrections of young and elderly individuals 
Overall, measures that relate to active control suggest that young exhibited different control 
of postural sway than the elderly characterised by more and longer duration of equilibrium between 
postural and gravitational torques, fewer ballistic corrections, higher gain and less and later anti-
persistent. When balance was challenged the duration of equilibrium between postural and 
gravitational torque reduced more in elderly than young. Observed differences of balance control 
between young and elderly individuals likely resulted in higher sway velocity in all balance 
conditions in elderly than young (P<0.001, Figure 3.10), which also increased more during all 
challenges to postural control in elderly than young (P<0.002). 
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Figure 3.10. Sway velocity results. (A) Displays the group means (red = fallers; green = non-fallers; blue = young) 
and 95% CI during the different balance conditions (Firm with eyes open [EO] or closed [EC]; Foam with EO or 
EC). Black brackets denote significant group differences between young and the elderly groups. Red brackets denote 
significant difference between fallers and non-fallers. (B) Displays the effect of the balance conditions (Eye closure 
on firm or foam; support surface change with EO or EC) in each group. Black brackets denote significant marginal 
effects between young and the elderly groups. Red brackets denote significant difference between fallers and non-
fallers. The coloured diamond shapes which correspond to the group colours, reflect significant condition effects of 
that group. Significance level: P<0.05. 
3.3.3.1 Active balance corrections, differences between young and elderly 
Postural sway of young exhibited a lower percentage of ballistic corrections (%Ballistic) than 
elderly in all balance conditions (P<0.002, Figure 3.7). The CoM velocity at which postural 
corrections were applied (inverted pendulum: Fall speed) was lower in young than in fallers in all 
balance conditions (P<0.04) and was lower in young than in non-fallers when standing on firm with 
EO or EC and on foam with EO (P<0.05, Figure 3.7). Gain values (inverted pendulum: Gain) were 
higher in young than fallers in all balance conditions (P<0.001, Figure 3.7). Gain was also higher in 
young than non-fallers when standing on foam with EC (P=0.001). CoP motion of young exhibited 
less anti-persistent CoP motion (DFA2) than of fallers when standing on firm with EO or EC (P<0.03, 
Figure 3.8). Young were also less anti-persistent compared to fallers and non-fallers when standing 
on foam with EO (P<0.001). DFAtau values were higher in young than in elderly when standing on 
firm or foam with EC (P<0.03). Young exhibited a higher percentage of laminar features in CoP 
motion (RQA: %LAM) compared to the elderly when standing on foam (P<0.001, Figure 3.9) and 
compared to fallers when standing on firm with EC (P=0.01). The duration of laminar features (RQA: 
TT) was longer in young than old in all balance conditions (P<0.01, Figure 3.9). 
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3.3.3.2 Active balance corrections, differences between young and elderly in adaptations to eye 
closure 
The percentage of ballistic corrections (%Ballistic) increased more in young than in fallers 
with eye closure on foam (P=0.05, Figure 3.7) but was not significantly different from non-fallers 
(P=0.24). Gain values (inverted pendulum: Gain) decreased more in young than elderly with eye 
closure on foam (P<0.003, Figure 3.7). Anti-persistent CoP motion (DFA2) in young decreased more 
than in fallers with eye closure on foam (P=0.01, Figure 3.8). However, young increased timing of 
anti-persistent CoP motion (DFAtau) more with eye closure on firm than elderly (P<0.001) and young 
increased DFAtau more than fallers with eye closure on foam (P=0.04). Elderly decreased percentage 
of laminar features in CoP motion (RQA: %LAM, Figure 3.9) with eye closure on firm and foam 
more than young (P<0.003). The duration of laminar features (RQA: TT, Figure 3.9) decreased in 
elderly with eye closure on firm and foam and this was significantly different from the young and 
non-fallers with eye closure on firm (P=0.04). 
3.3.3.3 Active balance corrections, differences between young and elderly in adaptations to support 
surface change 
The CoM velocity at which postural corrections were applied (inverted pendulum: CoM Fall 
speed) increased more in fallers than young from firm to foam with EO (P=0.001, Figure 3.7). Young 
decreased gain values (inverted pendulum: Gain) from firm to foam with EC more that the elderly 
(P<0.05, Figure 3.7). The timing of anti-persistent CoP motion (DFAtau) decreased more in young 
than non-fallers from firm to foam with EC (P=0.02, Figure 3.8) but was not significantly different 
when compared to fallers (P=0.06). Young increased percentage of laminar features in CoP motion 
(RQA: %LAM) from firm to foam with EO or EC more than elderly (P<0.003, Figure 3.9). The 
duration of laminar features (RQA: TT) decreased more in elderly from firm to foam with EO than 
young (P<0.05, Figure 3.9). 
3.3.4 Regularity of posture and active balance corrections of fallers and non-fallers 
Overall, regarding results related to regularity and active control, CoP motion was less regular 
or more random in fallers than non-fallers when standing on the firm surface. When balance was 
challenged by standing on foam, fallers swayed more, exhibited lower gains and responded at greater 
CoM velocities. 
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3.3.4.1 Regularity of posture, differences between fallers and non-fallers 
CoP motion of fallers was less smooth, as measured by DFA1, than non-fallers when standing 
on firm with EO or EC (P<0.04, Figure 3.9). Fallers exhibited a lower percentage of regular features 
in CoP motion (RQA: %DET) compared to non-fallers when standing on firm with EO (P=0.05, 
Figure 3.9). None of the other measures related to regularity were significantly different between 
fallers and non-fallers (P>0.138, Figure 3.6 and Figure 3.7). 
3.3.4.2 Regularity of posture, differences between fallers and non-fallers in adaptations to eye 
closure and support surface change 
No significant postural strategies in relation to regularity with eye closure or from firm to 
foam were observed between fallers and non-fallers. 
3.3.4.3 Active balance corrections, differences between fallers and non-fallers 
CoM fall speed before postural corrections (Figure 3.7) and sway velocity (Figure 3.10) was 
higher in fallers than non-fallers when standing on foam with EO (P<0.02). In addition, gain values 
(inverted pendulum: Gain) were lower in fallers than non-fallers when standing on foam with EO 
(P=0.01, Figure 3.7). Fallers exhibited greater anti-persistent CoP motion (DFA2) than non-fallers 
standing on firm with EO or EC (P<0.05, Figure 3.8) but fallers’ DFAtau values were higher than 
non-fallers when standing on firm with EO (P=0.05). 
3.3.4.4 Active balance corrections, differences between fallers and non-fallers in adaptations to eye 
closure. 
No significant different postural adaptation strategies between fallers and non-fallers were 
observed with eye closure. 
3.3.4.5  Active balance corrections, differences between fallers and non-fallers in adaptations to 
support surface change. 
The CoM falling speed before postural corrections (Figure 3.7) and sway velocity (Figure 
3.10) increased more in fallers than non-fallers from firm to foam with EO (P<0.02). 
3.4 Discussion 
This study used linear and non-linear analysis methods to disentangle whether the underlying 
deterministic / regular nature of CoP motion reflects a healthy or unhealthy balance control system. 
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To establish this goal, upright balance was modelled as an inverted pendulum that is intermittently 
controlled. Inverted pendulum measures were combined with non-linear measures (RQA, DFA and 
MSE) and measures were interpreted in terms of regularity and active postural control. The study 
revealed several important and novel insights into postural control and can be summarised as follows. 
Intermittent control was linked with deterministic features of CoP motion, which in turn were related 
with more regular and predictable sway in young than elderly individuals. Furthermore, young 
individuals increased predictability and regularity when balance was challenged by standing on foam. 
This contrasted with the adaptation in elderly who tended to decrease regularity. These results suggest 
that, regular and predictable CoP motion of the young was part of a flexible balance control process. 
Elderly relied more on vision for balance control and were more affected by the change in compliance 
of the support surface than young. Balance control in the elderly was different to that of the young 
group and was characterised by more irregular CoP motion. This was more evident in fallers than 
non-fallers when standing on a firm surface with eyes open, and could reflect poorer balance control 
in fallers. Differences between fallers and non-fallers were also evident when standing on foam with 
eyes open; postural corrections were applied when CoM was moving faster and gain values were 
lower in fallers than in non-fallers. Because vision did not affect fallers and non-fallers differently, 
these differences between fallers and non-fallers are likely related with a reduced ability of fallers to 
re-weight sensory information away from the ankle muscles, which is less accurate when standing on 
compliant surface. By combining methods this study has provided new insight into the features of 
balance that differ between young and old and fallers and non-fallers. 
3.4.1 Results in relation to the reduced complexity with ageing and disease hypothesis 
The CoP of young exhibited greater regularity than elderly individuals as quantified by MSE, 
RQA, DFA and inverted pendulum based measures. Lower MSE values are generally interpreted as 
less complex (or more regular) and our observation of lower MSE values in young than elderly 
individuals contrast the usual interpretation of MSE in relation to the reduced complexity with ageing 
and disease hypothesis. This hypothesis assumes that the output of healthy systems exhibits a 
complex type of variability with long-range correlations (measured by DFA) and this ‘breaks down’ 
with ageing and disease with a consequence of reduced ability to adapt to or deal with challenging 
demands (Goldberger & West, 1987; Goldberger et al., 2002). The observed higher regularity in the 
young group than the elderly is likely to be linked with the regular nature of postural sway as 
described by the inverted pendulum motion and RQA analysis. Findings from the inverted pendulum 
model suggest that balance control of young resulted in fewer ‘throwing’ and ‘catching’ with longer 
periods of unactuated pendulum motion. These findings could be explained by different active 
balance control strategies in young than old. 
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Several findings such as higher gains, lower CoM speeds at which corrections were applied 
and longer TT durations suggest that young had better control of posture than elderly. Higher gain in 
young than elderly suggest that the postural responses (to move CoM back towards the stable 
manifold) were greater in the young. Low gain values in the elderly might be related with age-related 
changes in postural muscles (Frontera et al., 2000); altered physiology and muscle architecture could 
limit the range torques applied (Nilwik et al., 2013). In addition, young exhibited longer periods in 
which CoP motion was relatively stationary than elderly (RQA: TT). This could be linked with better 
ability of young to generate postural torques that closely match the gravitational torque. 
CoM speed was lower before postural corrections in young than elderly which suggests a 
lower sensory acuity in elderly individuals than young. This is in line with research that investigated 
sensory acuity in elderly individuals (Goble et al., 2009; Skinner et al., 1984). Greater sway velocity 
has been suggested as a compensation for reduced sensory acuity (Riley et al., 1999), however, 
reduced ability to sense posture and generate control torques might inadvertently increase sway 
velocity. In this case, a greater sway velocity would reflect impairments of the aged system instead 
of an adaptive strategy. 
Elderly individuals achieved the overall objective to maintain of upright stability (i.e., no 
participant lost their balance), but the elderly achieved this differently than young. This distinction 
can perhaps be better described in terms of a balance between ‘order’ and ‘disorder’. There is an 
intuitive notion that good balance control lies somewhere in the middle between the extremes of order 
and disorder (Stergiou et al., 2006). Order might reflect a system that is limited to a narrow range of 
behaviours, which would affect flexibility. Disordered system, on the other hand, would reflect 
systems that exhibit no or limited control. Both extremes are in line with the reduced complexity with 
ageing and disease hypothesis (Goldberger et al., 2002). Age-related changes in sensory systems, 
such as decreased acuity (Lord et al., 2003), and reduced ability to flexibly reweight sensory 
information if some parts are removed or less accurate (Eikema et al., 2013), would affect balance 
control. In addition, narrowing function of muscles (Frontera, 2017) would limit the dynamical range 
affecting the ability to generate force and to generate this quickly (Reid et al., 2014). For example, 
elderly relied on vision for balance control, but vision only provides a general description of posture 
in a volume and is relatively slow (Loram et al., 2009). Although CoM speed was increased when 
sensory accuracy was altered, this led to more random and less predictable behaviour. Postural control 
of the elderly resulted in more irregular CoP motion which is interpreted as impairments of the aged 
system instead of an adaptive strategy as suggested above. 
Overall, CoP motion variability in young individuals was shown to have low complexity (e.g., 
longer horizon of predictability, higher %DET and lower MSE values), findings suggest better 
postural control in young than in elderly. This is (obviously) in contrast with the reduced complexity 
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with ageing and disease hypothesis. One of the assumptions of the reduced complexity with ageing 
and disease hypothesis is that the underlying complexity of the control system is reflected in the 
output, which in this case, is CoP motion. It is unclear, however, whether complexity of the balance 
control system can be quantified using CoP motion. No matter the level of complexity of the 
underlying control system, CoP motion will sometimes reflect some of the deterministic inverted 
pendulum like motions (Bottaro et al., 2005; 2008), which are per definition regular in nature. This 
part of CoP motion reflects the underlying biomechanics of motion of upright standing and could 
‘mask’ underlying complexity of the balance control system. Regular and predictable balance as 
observed in the young group, might reflect intermittent control that utilizes inverted pendulum 
biomechanics, which would result in spatially and temporally predictable CoP motion. However, as 
suggested by the theory of optimal movement variability (Stergiou & Decker, 2011) and the hypothesis 
of reduced complexity with ageing and disease (Lipsitz & Goldberger, 1992) regularity beyond optimal 
values could indicate compromised physiological function or maladaptive movement strategies, but this 
what not observed in our elderly cohort. 
Some observations suggest that balance control was less regular also in fallers than in non-
fallers. When standing on firm with eyes open, CoP motion was less deterministic (%DET), however, 
the duration of deterministic predictable CoP motion was not different. When balance was more 
challenged, fallers exhibited greater response threshold (CoM velocity was higher in the postural 
response) than non-fallers. These differences might highlight a lower acuity of the sensory system, 
or a lesser ability to dynamically reweight sensory information to more reliable ones. The ability to 
reweight has been known to be affected with age (Eikema et al., 2013; Pasma et al., 2015) and might 
be more evident in fallers than non-fallers. Alternatively, reduced accuracy of the vestibular system 
which is a predictor of future falls might also increase sway amplitude and speed in fallers compared 
to non-fallers (Menant et al., 2012). 
MSE was not different between fallers and non-fallers, and contrasts with findings of the study 
by Zhou et al. (2017). Although methodology of the MSE measure was closely matched with the 
MSE method described in that study, other factors could possibly explain the differences. For 
example, minimum age was lower in this study than Zhou’s (>65 vs. >70); Zhou et al. (2017) included 
individuals with lower physical function - participants were included if they could walk with aid for 
~6 m, whereas the elderly individuals of the current were excluded if walking aids were used. Higher 
physical function of our elderly cohort than that study might be reflected by higher observed values 
of MSE than the values observed by Zhou et al. (2017). Regular and irregular patterns are considered 
as less complex in view of the reduced complexity with ageing and disease hypothesis (Goldberger 
et al., 2002). It is unclear why data for our elderly cohort were at the opposite end of this spectrum 
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than those participants in Zhou et al. (2017). Whether this is explained by differences in the detail of 
the analysis, tasks or participant selection requires further investigation. 
3.4.2 Limitations 
There are some important limitations that require discussion. The CoM motion was assumed 
to follow inverted pendulum motion. This assumption is reasonable when balance is relatively 
unchallenged (Lafond et al., 2004). However, when balance is more challenged, for example, by 
standing on foam, postural adaptations in other joints might occur that would affect inverted 
pendulum motion assumption, such as a hip oriented balance strategy. The current data do not inform 
about these specific postural adaptations when balance was challenged. Faster CoM speed observed 
in fallers than non-fallers when standing on foam might result from a lack of use of a hip strategy in 
fallers, perhaps due to reduced strength of distal postural muscles (Gu et al., 1996). Future research 
is required to investigate specific postural strategies during more challenging balance conditions and 
the affect these postural adaptations have on the assumption of inverted pendulum of the CoM. 
The gain of the postural response was determined from CoM velocity alone. It is highly likely 
that information from both CoM position and velocity are involved with detection of posture. A 
technique called ‘extrapolation of the CoM’ (Hof, 2008) which combines both CoM position and 
velocity can be used to improve the gain estimation using extrapolated CoM and could be explored 
in future investigations. 
3.4.3 Conclusion 
Intermittent control theory allowed exploration of deterministic features of CoP motion that 
are frequently observed in CoP motion. This allowed CoP motion to be viewed from an alternative 
perspective and showed that being deterministic and having longer horizon of predictability is not 
necessarily linked with pathological balance control. Being regular and predictable is not always 
linked with disease. In relatively unchallenged balance conditions, fallers exhibited more random 
CoP motion than non-fallers. More random CoP motion could be viewed as less complex, and 
findings are, therefore in-line with the reduced complexity with ageing and disease hypothesis. 
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Chapter 4 Center-of-Pressure Motion After Calf 
Vibration is More Random in Fallers than Non-fallers: 
Prospective Study of Older Individuals4 
Ageing is associated with changes in balance control and elderly take longer to adapt to 
changing sensory conditions, which may increase falls risk. Low amplitude calf muscle vibration 
stimulates local sensory afferents/receptors and affects sense of upright when applied in stance. It 
has been used to assess the extent the nervous system relies on calf muscle somatosensory information 
and to rapidly change/perturb part of the somatosensory information causing balance unsteadiness 
by addition and removal of the vibratory stimulus. This study assessed the effect of addition and 
removal of calf vibration on balance control (in the absence of vision) in elderly individuals (>65 
years, n=99) who did (n=41) or did not prospectively report falls (n=58), and in a group of young 
individuals (18-25 years, n=23). 
Participants stood barefoot and blindfolded on a force plate for 135s. Vibrators (60Hz, 1mm) 
attached bilaterally over the triceps surae muscles were activated twice for 15s; after 15s and 75s 
(45s for recovery). Balance measures were applied in a windowed (15s epoch) manner to compare 
center-of-pressure (CoP) motion before, during and after removal of calf vibration between groups. 
In each epoch, CoP motion was quantified using linear measures, and non-linear measures to assess 
temporal structure of CoP motion (using recurrence quantification analysis and detrended 
fluctuation analysis).  
Mean CoP displacement during and after vibration did not differ between groups, which suggests 
that calf proprioception and/or weighting assigned by the nervous system to calf proprioception was 
similar for the young and both groups of older individuals. Overall, compared to the elderly, CoP 
motion of young was more predictable and persistent. Balance measures were not different between 
fallers and non-fallers before and during vibration. However, non-linear aspects of CoP motion of 
fallers and non-fallers differed after removal of vibration, when dynamic re-weighting is required. 
During this period fallers exhibited more random CoP motion, which could result from a reduced 
ability to control balance and/or a reduced ability to dynamically reweight proprioceptive 
information. These results show that non-linear measures of balance provide evidence for deficits in 
balance control in people who go on to fall in the following 12 months. 
 
4 Adapted from: W. van den Hoorn, G. K. Kerr, J. H. van Dieën, P. W. Hodges. Center of Pressure After Calf Vibration 
Is More Random In Fallers Than Non-fallers: Prospective Study of Older Individuals. Frontier in Physiology, Fractal 
Physiology 2018, Volume 9, Article 273, p1-p17. 
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4.1 Introduction 
Falls and falls related injuries are a serious health issue (Hill et al., 2004) in the ageing 
population and poor balance control is a major contributor (Campbell et al., 1989; Maki et al., 1994). 
Balance control requires sense of the body’s vertical with respect to gravity and sense of deviations 
away from the vertical with the goal to maintain the body’s CoM within the base of support (Horak, 
2006). In addition to overall perception of orientation with respect to gravity, mostly provided by the 
vestibular system (Day & Fitzpatrick, 2005), feedback of the relative positions and movements of 
body segments is provided by somatosensation and global orientation and movement is provided by 
vision (Proske & Gandevia, 2012). Sensory information is dynamically processed by the CNS, and 
appropriate corrections are applied by the motor system. Physiological ageing is associated with 
diminished functioning of these systems and underpins some of the decline in balance control (Lord 
et al., 1991). Why some older individuals fall whereas others do not might plausibly be explained by 
variation in the decline of the somatosensory input and the impact of somatosensory changes on 
balance control. 
Somatosensory information from muscle spindles in postural muscles is important for standing 
balance control (Horak, 2006; Proske & Gandevia, 2012). Somatosensory function can be assessed 
with low amplitude vibration of the muscle-tendon complex, which increases the discharge rate of 
muscle spindle Ia afferents (Burke et al., 1976; Roll et al., 1989) in a 1:1 relation with the vibratory 
stimulus (Roll et al., 1989), and creates an illusion of muscle lengthening (Goodwin et al., 1972). If 
the vibrated muscle serves a postural function, the illusory change in muscle length induces an 
illusory change in the sense of upright, and posture is automatically adjusted (Barbieri et al., 2008; 
Eklund, 1972). The magnitude of corrective CoP displacement (i.e., reflection of the postural 
adaptation) reflects both the sensitivity of muscle spindles to vibration and the relative weighting that 
the CNS places on the contribution of the spindle input to the perception and control of posture 
(Brumagne et al., 2004). 
The CoP response to triceps surae (calf) vibration in standing is affected by age, but findings 
are inconsistent. Postural responses of older individuals have been reported to be less (Hay et al., 
1996; Pyykko et al., 1990; Quoniam et al., 1995), more (Maitre et al., 2013), or similar (Abrahámová 
et al., 2009; Brumagne et al., 2004) to those in young individuals. Although, this variation in 
outcomes can partly be explained by differences in participant ages (Brumagne et al., 2004), 
differences in postural perturbation paradigms and small sample sizes, variable findings could also 
suggest that age-related changes in somatosensory functioning vary between individuals, placing 
some individuals at higher risk for falling. 
Changes in the environment in daily life (e.g., lighting and support surface conditions) require 
constant re-weighting of somatosensory information to aid balance control. Ageing affects the ability 
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to flexibly reconfigure proprioception for postural control to changes in proprioceptive context 
(Eikema et al., 2013; 2014; Hay et al., 1996; Sturnieks et al., 2008). Sense of upright and balance 
control are perturbed by both addition and removal of the muscle vibration stimulus. Addition of 
vibration distorts part of, and contradicts, the total afferent source, causing balance unsteadiness 
(Eklund, 1972). Removal of vibration can cause the illusory change in upright posture to reverse 
(Duclos et al., 2007; Wierzbicka et al., 1998) again inducing balance unsteadiness. Balance 
unsteadiness after vibration removal is likely to be mediated, at least in part, by a transient reduction 
of discharge/sensitivity of muscle spindles (Rogers et al., 1985), and by time required by the CNS to 
dynamically re-weight available sensory systems (Brumagne et al., 2004; van der Kooij & Peterka, 
2011). The ability to flexibly explore somatosensory redundancy (i.e., re-weighting) could be 
beneficial for balance control to minimise the perturbation effects on balance caused by addition and 
removal of muscle vibration. If not, this might result in increased unsteadiness during and after 
removal of the vibratory stimulus which could be linked with falls risk. 
Linear measures of balance parameters such as sway path length or root mean square (RMS) 
velocity implicitly assume that the temporal structure of CoP motion arises from random fluctuations 
in the postural control system that do not change over time. These measures have been used in most 
investigations of the effect of muscle vibration on postural control. Although linear measures are 
affected by vibration, they offer little insight into the dynamic characteristics of CoP motion in 
response to vibration perturbations, which is likely to aid interpretation of the underlying 
mechanisms. Non-linear measures such as RQA (Eckmann et al., 1987; Marwan et al., 2007) and 
DFA (Peng, Havlin, Stanley, et al., 1995) describe the temporal structure of CoP motion. The 
adaptable multisensory integration and response generation of optimal balance control (Nashner, 
1976) results in balance performance that is resilient to small perturbations; quantified using RQA as 
a measure of the structure of recurrent CoP motion (Marwan et al., 2007; Riley et al., 1999), appears 
smooth and persistent; which is measured with DFA (Peng, Havlin, Stanley, et al., 1995). Measures 
obtained with these non-linear methods change when postural control is challenged (Riley & Clark, 
2003; Riley et al., 1999), and can distinguish elderly from young individuals (Amoud et al., 2007; 
Duarte & Sternad, 2008; Kim et al., 2008; Norris et al., 2005; Seigle et al., 2009), although findings 
vary, (Seigle et al., 2009; Wang & Yang, 2012). These non-linear measures are likely to provide a 
more detailed understanding of how sensory perturbations impact balance control. 
This study aimed to: i) compare CoP motion between young and older individuals before, 
during and after removal of bilateral calf vibration, and ii) compare measures between older 
individual who subsequently do or do not go on to fall in the following 12 months. We probed this 
question using linear and non-linear measures of CoP motion to investigate impact of addition and 
removal of vibration to the calf muscles. 
Chapter 4: Study Two 
 92
4.2 Methods 
4.2.1 Participants 
One-hundred-and-six participants older than 65 years of age volunteered for this study (42 
female, 64 male) with a mean ± SD age, weight and height of 75 ± 6 years, 78 ± 15 kg, 1.69 ± 0.09 
m, respectively. Participants were a subset from a larger cohort (n=252), and were included in the 
current study based on the Physiological Profile Assessment score (PPA, short form version) of Lord 
et al., (2003). To ensure a wide range of falls risk, participants were included in the current study if 
their PPA values were below 0.5 (n=59) or above 1 (n=47). All participants were recruited from the 
Brisbane metropolitan area via the Australian electoral role. A letter of invitation was sent with an 
information sheet, which outlined the potential risks and benefits of the research. Participants were 
excluded if they had a recent or recurrent history of surgery or musculoskeletal injury, any 
neurological impairment such as Parkinson’s disease, were unable to ambulate independently without 
the use of a walking aid, or were cognitively impaired [i.e., Mini mental state exam score <24 
(Folstein et al., 1983)]. The young group included 23 participants between 18 to 25 years of age (14 
female, 9 male, 21 ± 2 years, 65 ± 10 kg, 1.72 ± 0.05 m) recruited from the student population of 
local universities and by word of mouth. All participants provided written informed consent. The 
experimental protocol was approved by the Institutional Human Research Ethics Committees and 
conformed to the Declaration of Helsinki. 
4.2.2 Prospective falls measurement 
Elderly participants were followed for 12 months after the balance assessment. They 
maintained a falls diary, which they returned at the end of each month via reply paid post (Hannan et 
al., 2010). A fall was defined as: “an unintentionally coming to the ground or some other lower level, 
not as a result of a major intrinsic event (e.g., stroke) or overwhelming hazard. This included any 
slips, trips or accidents, which result in a fall onto a lower level, be it a chair, bed or the floor for 
example.” A ‘faller’ was defined as a person who had one or more falls recorded within the 12-month 
follow-up period. 
4.2.3 Experimental setup and procedure 
Participants stood barefoot on a force plate (Type 9286AA, Kistler Group, Winterthur, 
Switzerland), were blindfolded to exclude the contribution of vision to balance, and wore headphones 
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playing white noise to limit distraction. Participants stood relaxed with arms hanging by their sides 
and data collection commenced after ~20 s to ensure balance had reached a steady state. 
Participants stood for 135 s after commencement of data recording. Custom-made vibrators 
(Type YM2707, Electus Distribution, Sydney, Australia, ~1 mm, 60 Hz) were bilaterally attached 
halfway between the distal portion of the gastrocnemius muscle heads and the distal insertion of the 
Achilles tendon. Firm application was assured with pressure applied to the vibrators using a neoprene 
band wrapped around the ankle and vibrator. After 15 s, mechanical vibration was applied bilaterally 
for 15 s. Vibrators were switched on for a further 15 s period at 75 s from commencement of 
recording. This allowed 45 s after cessation of each vibration exposure to assess post-vibration effects 
on balance. The experimenter stood close to the participant to provide support in case of falling. If 
balance was assisted, data collection was stopped and restarted if the participant agreed. 
Force plate data were amplified (Type 5233A, [range: Fx & Fy; 250N, Fz; 2500N], Kistler 
Group, Winterthur, Switserland) and digitized with 16-bit precision at a sampling rate of 2000 
samples/s using a Power 1401 data acquisition system with Spike2 software (Cambridge Electronic 
Design Limited, Cambridge, UK). 
4.2.4 Data analysis 
Data were analysed offline with Matlab (Mathworks inc., Natick, MA, USA). As calf 
vibration mainly perturbs balance in the anterior-posterior direction (Eklund, 1972), analyses were 
focused on CoP motion in this direction. CoP data were filtered using a second order low pass bi-
directional Butterworth filter. Cut-off frequency was set at 20 Hz and bi-directional filtering increased 
the filter order to 4. After low-pass filtering, data were decimated to 100 samples/s. All measures 
were applied in a windowed (15-s epoch) manner (Riley et al., 1999; Webber & Marwan, 2014) to 
assess changes in CoP motion during and after calf vibration (see Figure 4.1 for details). 
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Figure 4.1. Recurrence quantification analysis (RQA) methods. (A) CoP motion in anterior-posterior example of a 
participant (faller) showing baseline, first and second vibrations (VIB) and 45 s after each vibration. Data were analysed 
using 15-s epochs (ep). This includes the vibration epoch, and epochs 1 to 31 (post vibration epochs), which started after 
cessation of vibration and was shifted in time with 1-s intervals (93.33% overlap) until 45 s after vibration to assess 
balance after vibration. This resulted in two sets (two vibration repetitions) of 32 epochs (1 vibration + 31 post vibration) 
for each participant which were used for statistical analysis to assess group differences. Group differences at the baseline 
epoch were assessed separately as there was only 1 repetition available (see Statistics [Section 4.2.5] for more details). 
(B) Example of a CoP epoch (blue) delayed with a tau of 180 ms. (C) A phase space was created by plotting the delayed 
CoP copies against each other. Note that the example is given in 3D, but, analysis was performed in 5D. (D) The 
recurrence plot represents the recurrences of CoP in the phase space depicted in (C); by creating a 2D recurrence plot by 
adapting the recurrence threshold distance to fix the recurrence rate to 5%. Temporally close recurrences were excluded 
(<1 s, Theiler window) which is represented by the greyed area along the line of identity (were CoP recurs with itself). 
Two examples are shown that represent a diagonal (in light and dark green) and vertical recurrence structures (in red). 
These examples are also shown in the phase space in (C). The light and dark green represents CoP motion running parallel 
in phase space and the red line represents CoP motion that revisits and remains in a region in phase space represented by 
the red dot in (C) and (D). 
4.2.4.1 Description of CoP motion 
The CoP is the baricenter of the contact surface of an individual on the ground, or in other 
words the point of application of the ground reaction force. CoP motion provides a proxy measure of 
standing balance dynamics. CoP motion is not a true record of the motion of the vertical projection 
of the CoM of the whole body. CoP contains information of the moments that are generated by the 
individual (Winter, 1995). For example, forward body lean involves a forward position of the CoM, 
which is reflected in a forward position of the CoP. Moving the CoM backwards by rotation around 
the ankle joints requires generation of ankle moments which shift the CoP further anterior relative to 
the CoM. 
4.2.4.2 Linear measures 
Sway velocity (mms-1) was calculated as the sum of the absolute distances between 
consecutive data points divided by epoch length. CoP position (mm), relative to the mean CoP 
position at the baseline pre-vibration epoch, was calculated as the mean position of CoP within each 
epoch. 
4.2.4.3 Non-linear measures 
4.2.4.3.1 Recurrence Quantification Analysis. 
CoP dynamics were captured by plotting time delayed copies of the CoP signal against each 
other [delay embedding (Webber & Marwan, 2014), see Figure 4.1 C for a 3-dimensional 
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representation]. The phase space dimension was fixed at 5 dimensions determined with false nearest 
neighbour analysis (Kennel et al., 1992) using the whole signal (135 s). The delay was calculated 
using the average displacement method (Rosenstein et al., 1994) also using the whole signal, for each 
participant individually. Phase space dimension was limited to 5 dimensions as higher dimensional 
phase space would require longer time series (Grassberger & Procaccia, 1983; Marwan, 2011) and 
true recurrences might be missed (Marwan, 2011). The points in this volume (or phase space), 
represent the history of all balance solutions (or states). Recurrences of balance solutions within this 
phase space were visualized by a 2-dimensional recurrence plot (Eckmann et al., 1987), which 
represents the times at which balance solutions revisit (recur) in phase space (Webber & Marwan, 
2014). RQA describes the features of these recurrences. Figure 4.1 shows the details of the RQA 
method and settings used. Table 4.1 provides definitions and interpretations of RQA parameters in 
relation to CoP motion. 
The features of the recurrence plot using RQA were quantified by the diagonal lines; %DET, and 
Lmean, and vertical lines; the %LAM and TT using Marwan’s RQA toolbox (Marwan, 1998; Marwan 
et al., 2007). To avoid ceiling effect of the %DET and %LAM, sensitivity was reduced by considering 
0.1 s as a minimal length of both diagonal and vertical line features (Ramdani et al., 2013; Seigle et 
al., 2009). 
The level of recurrence rate impacts the recurrence quantification (Riley et al., 1999). 
Therefore, the recurrence threshold, below which a recurrence was defined, is usually dependent on 
some measure of CoP motion amplitude, such as percentage of the maximum diameter of balance 
states within the phase space (Decker et al., 2015; Ramdani et al., 2013) or percentage of mean 
distance between al data points in phase space (Riley & Clark, 2003; Riley et al., 1999). However, 
because the size of the diameter of balance states is biased by larger CoP motion excursion and 
because not all areas in phase space will be revisited equally frequently, the amplitude measures that 
are used to set the recurrence threshold could skew the resulting recurrence rate, and therefore the 
recurrence quantification. This would be more likely to be problematic in shorter time series. 
Therefore, we adapted the recurrence threshold to fix the recurrence rate to 5% to avoid these issues 
and to have a more scale free RQA and to enable better comparison between groups at each CoP 
window. 
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Table 4.1. Definition and interpretation of recurrence quantification analysis (RQA) and detrended fluctuation analysis (DFA) in the context of the balance task. 
 Variable Definition Higher value interpretation Lower value interpretation 
RQA 
diagonal 
%DET The percentage of all recurrences in phase 
space (below a pre-set threshold distance) that 
form diagonal line lengths longer than 100 ms 
More predictable, more deterministic, 
less random CoP motion, consistent with 
better balance performance 
Less predictable, less deterministic, 
more random CoP motion, consistent 
with reduced balance performance 
 Lmean The mean length of the diagonal lines in the 
recurrence plot 
Better balance performance, less impact 
of small perturbations resulting in more 
similar temporal dynamic CoP patterns 
Reduced balance performance, greater 
impact of small perturbations, resulting 
in less similar (more random) temporal 
dynamic CoP patterns 
RQA 
vertical 
%LAM The percentage of all recurrences in phase 
space (below a pre-set threshold distance) that 
form vertical line lengths longer than 100 ms 
More intermittent CoP motion with more 
periods of minimal CoP fluctuations 
Less intermittent CoP motion with fewer 
periods of minimal CoP fluctuations 
 TT The mean length of the vertical lines in the 
recurrence plot 
longer periods of minimal CoP 
fluctuations (static states) 
shorter periods of minimal CoP 
fluctuations (static states) 
DFA DFA1 Exponential interrelation of CoP fluctuations at 
time scales between 0.1 and tau s 
Smoother and more persistent CoP 
motion at time scales < tau 
Less smooth and less persistent CoP 
movements at time scales < tau 
 DFA2 Exponential interrelation of CoP fluctuations at 
time scales between tau and 4.42 s 
Smoother and less anti persistent CoP 
motion at time scales > tau 
Less smooth and more anti persistent 
CoP motion at time scales > tau 
 DFAtau The time scale that separates DFA short and 
DFA long 
Less conservative balance control More conservative balance control 
 
Recurrence quantification analysis (RQA), diagonal line structures; percentage determinism (%DET), mean diagonal line length (Lmean), vertical line structure; percentage laminarity 
(%LAM), mean vertical line length (trapping time, TT). Detrended fluctuation analysis (DFA), short term DFA (DFA1), longer term DFA (DFA2) and the time scale that separates 
DFA1 and DFA2; DFAtau 
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4.2.4.3.1.1 Diagonal line features 
Diagonal line features extracted from the recurrence plot, reflect the deterministic behaviour of CoP 
motion, respectively (Figure 4.1 C and D). The %DET and Lmean are positively linked with the 
predictability, i.e. the deterministic pattern of CoP motion, as similar balance solutions (states) will 
lead to similar CoP temporal patterns (Webber & Marwan, 2014). Diagonal structures are also linked 
with a real-life notion of stability (Marwan, 2011; Webber & Marwan, 2014). Consider two points in 
phase space that start as close neighbours and are followed over time. The length of the diagonal line 
represents the time that these points remain close (Figure 4.1 C and D, dark and light green CoP 
motion examples). The initial distance between the neighbouring points at the start could be viewed 
as a small perturbation, i.e., a small difference in initial conditions, and the length of the diagonal line 
reflects whether balance control is affected by these small perturbations. Longer diagonal lines 
indicate balance control that is minimally affected by these small perturbations. Balance control must 
deal with these small perturbations to remain stable as upright stance can be viewed as an inverted 
pendulum which is inherently unstable due to its physics. Therefore, diagonal line features reflect the 
performance in dealing with small perturbations, the longer the diagonal line lengths are, the better 
the performance of balance control. In contrast, lower percentage determinism and shorter mean 
diagonal line length would reflect less predictable (i.e., more sensitive to small perturbations, lower 
balance performance) and more random CoP motion. 
4.2.4.3.2 Vertical line features 
Vertical line features reflect intermittent (laminar) behaviour of CoP motion (Figure 4.1 C and D). 
The %LAM and TT measures intermittent behaviour of CoP motion. Intermittent behaviour reflects 
CoP motion that now and again exhibits changes in CoP dynamics from fluctuating to relatively 
stationary. For example, a vertical line occurs when a balance solution (state) revisits (Figure 4.1 C 
and D, red dot CoP position example) a region in phase space, but then remains in that region for 
some time (Figure 4.1 C and D, red line CoP motion example). A period of minimal change in balance 
states reflects balance that did not require substantial corrections during that time period. The length 
of these time periods, as measured by TT, reflects the presence of a point attractor, presumably a 
stable static state. Low laminarity and shorter mean vertical line lengths reflect balance control with 
fewer static states. 
4.2.4.3.3 Detrended fluctuation analysis 
DFA measures the long-range dependence in signals, also referred to as ‘memory’ (Peng et 
al., 1998). DFA measures the exponential relation between CoP fluctuations at different time 
windows (time scales) by measuring the slope of a linear region on the log-log plot of CoP 
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fluctuations versus time scales (Figure 4.2). The slope reveals the general organization of these 
fluctuations across a range of time scales. For example, a steeper slope of the exponential relation 
between CoP fluctuations at different time scales reflects CoP motion in which relative contribution 
of fluctuations at shorter time scales are less than fluctuations at longer time scales or vice versa. With 
this particular organization of fluctuations across the timescales, CoP motion appears to be smoother 
and tends to continue to move (persist) in the same direction (Mandelbrot, 1982b), reflecting CoP 
motion that did not involve many direction changes. Figure 4.2 shows the technical details and 
settings of the used DFA method, and Table 4.1 provides definition and interpretations of DFA 
parameters used in the current study. 
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Figure 4.2. Detrended fluctuation analysis (DFA) methods. (A) Example of a 15-s CoP motion (see Figure 4.1 A in blue). 
(B) CoP was integrated, then fluctuations of CoP around linear fits over windows ranging from 0.10 – 4.42 s were 
determined with 50% overlap. Example of 0.2 s time scale is given. (C) Log-log plot of time windows vs. fluctuations. 
Two linear regions were fit by minimizing the squared errors between the combined linear fits and actual data. DFA1 and 
DFA2 reflect the general organization of fluctuations at shorter and longer time scales, respectively. DFAtau reflects the 
time scale between DFA1 and DFA2. 
Briefly, the CoP signal was integrated over time to allow assessment of fluctuations at longer 
time scales / to convert the signal into a random walk signal (Delignières et al., 2010). The signal was 
then divided into smaller time windows with 50% overlap. In each time window, the linear trend was 
subtracted and the RMS fluctuations of the integrated CoP around the linear fits were determined. 
The window sizes ranged from 0.10 – 4.42 s. DFA has similarities with spectral analysis (Buldyrev 
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et al., 1995), fluctuations within each window represent fluctuations at a frequency that can be 
captured within the time window of interest. Therefore, fluctuations within the 0.10 – 4.42 s windows 
represent fluctuations at frequencies ranging from 10 – 0.23 Hz. The underlying assumption is that 
CoP motion reflects a form of Brownian motion, and whether Brownian motion is persistent or anti-
persistent is reflected by the slope of the fluctuations across multiple time scales (slope: anti-persistent 
< 0.5 - > 0.5 persistent). However, although Brownian motion and non-stationary processes do not 
need to be integrated over time (Riley et al., 2012) as they are unbounded (i.e., Brownian motion is 
the integrated form of fractal Gaussian motion), it is beneficial to integrate CoP motion over time to 
allow assessment of fluctuations at larger time scales because CoP motion is bounded by the support 
surface area. However, because CoP motion is bounded and non-stationary, integration will 
consequently inflate the slope of the log-log plot of time-scales versus fluctuations (Riley et al., 2012). 
Therefore, the slope will be interpreted like integrated Brownian motion. When the slope >1.5, a 
change in CoP movement is likely to be followed by a change in the same direction (CoP is 
persistent). If the slope alpha<1.5, a change in CoP motion is likely to be followed by a change in the 
opposite direction (CoP is anti-persistent). If alpha=1.5, then a change in direction of CoP motion 
does not depend on previous directional changes, and relative contributions of fluctuations at different 
time scales are equal. Inspection of the log-log plot of time scale vs. fluctuations revealed a bilinear 
pattern (Figure 4.2). Hence, we calculated the slopes at shorter (DFA1) and longer (DFA2) time scales 
and the time point that marked the boundary between the two regions (DFAtau). The slope (DFA2) of 
the second region was in general smaller than 1.5, indicating that fluctuations at these time scales 
reflected CoP motion that tends to turn back towards the point it came from. Consequently, DFAtau 
reflects the time scale at which persistent CoP motion changes into anti-persistent motion. Smooth 
COP dynamics, without large corrections, would be represented by a greater DFA1, DFA2 and DFAtau. 
A shorter DFAtau and lower DFA2 values would reflect a more conservative balance strategy with 
early and strong CoP corrections.  
Note that estimating fluctuations using overlapping (50%) window would smooth out the 
fluctuations in the log-log plot of time series versus fluctuations, especially at the longer time scales. 
This could overestimate the DFA exponets. However, due to the short time series (15 s) it might be 
beneficial to increase the number of windows to provide a more accurate estimate of fluctuations at 
each time scale (Hardstone et al., 2012). 
The bi-linear pattern was determined as follows; fluctuations were modelled using two linear 
regions were fits on the log-log plot of time scales vs. fluctuations assuming continuity between the 
end of the first and the start of the second linear regression fit. The optimal fit of the two linear 
regressions to the data were found by minimizing the sum of the squared errors between the combined 
linear fits and actual data. The region of the first linear fit (shorter time scales) was defined as DFA1 
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and the region of the second linear fit (longer time scales) was defined as DFA2. The time point 
separating these two linear fits was defined as DFAtau. 
4.2.5 Statistics 
Matlab was used to perform the statistical analysis. The threshold for significance was set at 
P<0.05. 
4.2.5.1 Demographics 
Differences between the demographics and PPA of the fallers and non-fallers were assessed 
using dependent t-tests and Chi2 for sex. 
4.2.5.2 CoP motion at baseline 
Differences between groups at baseline (15 s epoch before vibration) for each outcome variable 
(linear and non-linear) were assessed using one-way analysis of variance (ANOVA). Post-hoc 
analysis was performed as appropriate with Bonferroni correction for multiple comparisons. 
4.2.5.3 CoP motion during and after vibration 
Differences between fallers, non-fallers and young for each of the non-linear and linear 
outcome measures were tested using a wavelet based linear mixed models (adapted from McKay et 
al., 2013). Wavelet based compression of the data reduces the number of significant P-values and 
therefore increases the statistical power (McKay et al., 2013). Briefly, data from the windowed 
analysis including two repetitions (2 × 32 data points) for each participant of the vibration epoch and 
the post vibration epochs (Figure 4.1A), were subjected to a level 1 wavelet transform using the Haar 
wavelet with periodic extension. For each wavelet coefficient, a linear mixed model was applied to 
assess differences between groups. Group and repetition were entered as fixed factors and participants 
were entered as random factors in the linear mixed model. Coefficients reflecting the differences 
between groups (young vs. non-fallers, young vs. fallers, and fallers vs. non-fallers) were assessed 
and corresponding P-values were stored. All P-values were then corrected for multiple comparisons 
using the Benjamini-Hochberg false discovery rate procedure (Benjamini & Hochberg, 1995). 
Wavelet coefficients representing significant group differences were then transformed back into the 
time domain. 
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4.3 Results 
4.3.1 Falls incidence 
Four elderly participants withdrew from the study (1<0.5 PPA, and 3>1.16 PPA), and no 
prospective falls data were available for these participants. Forty-two out of 102 elderly participants 
reported 1 or more falls. Of these participants, 2 reported 6 falls, 1 reported 5 falls, 3 reported 4 falls, 
6 reported 3 falls, 9 reported 2 falls, and 21 participants reported 1 fall. Using the prospective falls 
data, the elderly were grouped into fallers (1 or more prospective falls) and non-fallers. Due to 
technical issues with data collection, data from 3 participants (1 faller and 2 non-fallers) were 
excluded from further analysis. Table 4.2 shows means (SD) of demographics and PPA values of all 
elderly participants included in the final analysis (n=99). Age, height, weight, sex, and PPA values 
did not differ significantly between fallers and non-fallers (all, P>0.09, Table 4.2). 
 
Table 4.2. Participant demographics.  
  n Height (m) Weight (kg) Age (years) gender PPA 
Fallers 41 1.70 (0.08) 78 (17) 76 (5) 13 ♀, 28 ♂ 0.86 (1.00) 
Non-fallers 58 1.68 (0.10) 79 (15) 75 (6) 27 ♀, 31 ♂ 0.52 (1.00) 
P-value 
 
0.26 0.79 0.51 0.14 0.09 
  
      
Young 23 1.73 (0.05) 66.6 (11.3) 21.1 (1.5) 15 ♀, 9 ♂   
Data are presented as mean ± standard deviation, probability (P) of independent 2-tailed t-tests (Chi2 for gender) between 
fallers and non-fallers are shown. 
4.3.2 CoP motion at baseline 
Results of the one-way ANOVA are presented in Table 4.3. At baseline (before vibration), 
compared to fallers, young had lower sway velocity, lower %DET (were more predictable), had 
longer Lmean (less sensitive to small perturbations, i.e., better balance performance) and had higher 
%LAM with longer TT (were more intermittent, with longer static episodes). Regarding DFA 
analysis, compared to fallers, young exhibited a larger DFAtau and DFA2 (a less conservative balance 
control strategy, lower anti-persistence: DFAtau and DFA2: young>fallers) and had a larger DFA1 
(smoother and more persistent: young>fallers). Compared to non-fallers, young also had lower sway 
velocity, longer Lmean, longer TT, and lower anti-persistence (DFA2: young>non-fallers), but %DET, 
%LAM, DFA1 and DFAtau were not significantly different between young and non-fallers. 
No differences between fallers and non-fallers were observed at baseline. 
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Table 4.3. One-way analysis of variance between young (y), fallers (f) and non-fallers (nf) at baseline.  
  Oneway ANOVA 
  
Post-hoc 
      Mean (95% CI) P-value   
Variable F P y f nf y-f y-nf f-nf 
Sway 
velocity 
(mms-1) 
14.08 0.000 6.71 (3.33) 14.91 (13.02) 14.03 (14.01) 0.000 0.000 0.869 
%DET 5.85 0.004 0.91 (0.09) 0.86 (0.15) 0.88 (0.11) 0.003 0.172 0.128 
Lmean 12.89 0.000 39.49 (16.01) 30.28 (12.02) 32.64 (14.03) 0.000 0.000 0.275 
%LAM 7.05 0.001 0.95 (0.06) 0.88 (0.17) 0.91 (0.12) 0.001 0.065 0.142 
TT 13.80 0.000 35.91 (17.57) 24.88 (14.05) 27.55 (16.68) 0.000 0.000 0.299 
DFA1 4.05 0.020 1.81 (0.10) 1.74 (0.22) 1.77 (0.17) 0.017 0.290 0.280 
DFA2 6.35 0.002 1.31 (0.40) 1.10 (0.46) 1.14 (0.47) 0.002 0.011 0.792 
DFAtau 3.52 0.033 0.95 (0.83) 0.72 (0.55) 0.77 (0.65) 0.033 0.087 0.890 
Significant differences are shown in bold font. Recurrence quantification analysis (RQA), diagonal line structures; 
percentage determinism (%DET), mean diagonal line length (Lmean), vertical line structure; percentage laminarity 
(%LAM), mean vertical line length (trapping time, TT). Detrended fluctuation analysis (DFA), short term DFA (DFA1), 
longer term DFA (DFA2) and the time scale that separates DFA1 and DFA2; DFAtau 
4.3.3 CoP motion during and after vibration 
Outcome data for CoP motion during and after vibration are shown in Figure 4.3, Figure 4.4, 
Figure 4.5, and Figure 4.6, and summarized in Table 4.4. CoP mean displacement relative to baseline 
in response to calf vibration was not significantly different between the groups (Figure 4.3). In 
addition, CoP displacement after vibration was also not significantly different between the groups 
(Figure 4.3, Table 4.4). 
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Table 4.4. Overview of CoP variables that were different between young, fallers and non-fallers.  
  Young vs. fallers Young vs. non-fallers Fallers vs. non-fallers 
Variable VIB Post VIB VIB Post VIB VIB Post VIB 
Linear              
Displacement NS NS NS NS NS NS 
Sway 
velocity Y>F 
Y>F all 
epochs Y>NF 
Y>NF all 
epochs NS NS 
RQA 
diagonal             
%DET Y>F Y>F all 
epochs 
Y>NF Y>NF all 
epochs 
NS F<NF at 
epoch 2-9 
Lmean Y>F Y>F all 
epochs 
Y>NF Y>NF all 
epochs 
NS NS 
RQA vertical             
%LAM Y>F Y>F all 
epochs 
Y>NF Y>NF all 
epochs 
NS F<NF at 
epoch 2-7 
TT Y>F Y>F all 
epochs 
Y>NF Y>NF all 
epochs 
NS NS 
DFA             
DFA1 NS Y>F at 
epochs 2-
31 
NS Y>NF at 
epochs 2-27 
NS F<NF at 
epochs 2-
11, 28-31 
DFA2 NS Y>F at 
epochs 6-
11, 22-27, 
30, 31 
NS Y>NF at 
epochs 6-9 
NS NS 
DFAtau Y>F Y>F at 
epochs 1, 
2, 11-31 
Y>NF Y>NF at 
epochs 11-
31 
NS NS 
Recurrence quantification analysis (RQA), diagonal line structures; percentage determinism (%DET), mean diagonal line 
length (Lmean), vertical line structure; percentage laminarity (%LAM), mean vertical line length (trapping time, TT). 
Detrended fluctuation analysis (DFA), short term DFA (DFA1), longer term DFA (DFA2) and the time scale that separates 
DFA1 and DFA2; DFAtau 
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Figure 4.3. Results of linear measures during vibration (VIB) and post-vibration epochs. Top panel show mean for each 
group of (A) mean center-of-pressure (CoP) displacement and (B) sway velocity. Bottom panel in (A) and (B) show mean 
differences between groups (open dots), and the significant (sign) difference between groups (solid lines). Note that group 
differences are significant when the solid line matches the open dots. Group differences at baseline (BL) were assessed 
separately and are presented for visual reference. Error bars represent 95% confidence interval (1.96 × standard error of 
measurement). 
For the young group, compared to fallers and non-fallers, across all epochs, %DET and Lmean 
(balance performance; young>fallers/non-fallers, Figure 4.4), %LAM and TT (intermittent control; 
young>fallers/non-fallers, Figure 4.5), and DFA1 (smoothness/persistence; young>fallers/non-fallers 
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at most epochs, Figure 4.6) values were higher, and sway velocity (young<fallers/non-fallers, Figure 
4.3) was lower (Table 4.4). DFA2 was greater in the young than both fallers and non-fallers after 
removal of vibration at most epochs (Figure 4.6, Table 4.4). DFAtau was higher in the young during 
vibration than both fallers and non-fallers, but was similar for all groups directly after removal of 
vibration. DFAtau values were higher in the young than both fallers and non-fallers after epoch 12 
(Figure 4.6). This suggests that during vibration young were more persistent across more time-scales 
compared to both fallers and non-fallers (DFAtau: young>fallers/non-fallers). 
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Figure 4.4. Results of recurrence quantification analysis (RQA) of diagonal line features during vibration (VIB) and post-
vibration epochs. Top panels show mean for each group of (A), mean percentage determinism (%DET) and (B) mean 
diagonal line lengths (Lmean). Bottom panels in (A) and (B) show mean differences between groups (open dots), and the 
significant (sign) difference between groups (solid lines). Note that group differences are significant when the solid line 
matches the open dots. Group differences at baseline (BL) were assessed separately and are presented for visual reference. 
Error bars represent 95% confidence interval (1.96 × standard error of measurement) 
During ankle vibration, fallers and non-fallers were not significantly different in any of the 
linear or non-linear outcome variables (Figure 4.3, Figure 4.4, Figure 4.5, and Figure 4.6). However, 
after removal of ankle vibration, CoP motion of the fallers had lower %DET (less predictable/more 
random; fallers<non-fallers, Figure 4.4), lower %LAM (less intermittent; fallers<non-fallers, Figure 
4.5), and lower DFA1 (less smooth/less persistent; Figure 4.6) values than those in non-fallers. See 
Table 4.4 for overview of the findings. 
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Figure 4.5. Results of recurrence quantification analysis (RQA) of vertical line features during vibration (VIB) and post-
vibration epochs. Top panels show mean for each group of (A) mean percentage laminarity (%LAM) and (B) mean 
vertical line lengths (TT). Bottom panels in (A) and (B), mean differences between groups (open dots), and the significant 
(sign) difference between groups (solid lines). Note that group differences are significant when the solid line matches the 
open dots. Group differences at baseline (BL) were assessed separately and are presented for visual reference. Error bars 
represent 95% confidence interval (1.96 × standard error of measurement) 
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Figure 4.6. Results of detrended fluctuation analysis (DFA) during vibration (VIB) and post-vibration epochs. Top panels 
show mean for each group of (A) DFA1 (short term), (B) DFA2 (long term), and (C) DFAtau (time scale that separates 
DFA1 and DFA2). Bottom panels in (A), (B), and (C) show mean differences between groups (open dots), and the 
significant (sign) difference between groups (solid lines). Note that group differences are significant when the solid line 
matches the open dots. Group differences at baseline (BL) were assessed separately and are presented for visual reference. 
Error bars represent 95% confidence interval (1.96 × standard error of measurement) 
4.4 Discussion 
This study assessed the effect of addition and removal of calf vibration on balance control (in 
the absence of vision) in elderly people who did or did not prospectively report falls and a group of 
young individuals. Mean CoP displacement during and after vibration did not differ between groups, 
suggesting that peripheral functioning of calf proprioception and weighting assigned by the CNS to 
calf proprioception were similar for the young and both groups of older individuals. Overall, 
compared to the elderly, the CoP motion of young was more predictable and less sensitive to small 
perturbations. Notably, non-linear aspects of CoP motion of fallers differed from that of non-fallers 
after removal of vibration, a period in which dynamic re-weighting is required (Teasdale & Simoneau, 
2001). During this period fallers exhibited more random CoP motion. 
4.4.1 Interpretation of non-linear measures of CoP motion 
Our conclusions are based on reasoned interpretation of the non-linear measures of CoP 
motion, yet alternative interpretations of some RQA measures requires consideration (Bernard et al., 
2015; Negahban et al., 2010; Ramdani et al., 2013). In contrast to our interpretation that a more 
deterministic structure infers more regular and stable balance control, this regularity has also been 
interpreted to reflect less behavioural flexibility and less complexity in CoP motion. That alternative 
interpretation was motivated by observations of increased regularity of CoP motion in Parkinson’s 
disease (Schmit et al., 2006), retrospectively identified fallers (Ramdani et al., 2013), and in 
individuals with anterior cruciate ligament deficiency (Negahban et al., 2010). Although these 
interpretations might be reasonable in some cases (e.g., Parkinson’s Disease), it might not apply to 
our observations. 
Our interpretations and of others (Cluff et al., 2009; Haddad et al., 2008; Mazaheri et al., 
2010; Riley & Clark, 2003; Riley et al., 1999) are based on the construct validity of RQA, 
methodological issues, and the nature and difficulty of our balance task. The deterministic structure 
is related to diagonal line feature in the recurrence plot. Both %DET and Lmean reflect CoP motions 
that run parallel in phase space because different CoP sections are spatially and temporally similar in 
shape (Figure 4.1 C and D). This similarity reflects predictability, regularity and local stability of 
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CoP motion. A lower %DET and shorter Lmean does not necessarily reflect more complex structure 
because random signals and noise also exhibit low %DET, yet those signals do not have a complex 
structure. Thus, although ‘predictability’ can be determined, care is required to interpret ‘flexibility’ 
and ‘complexity’ from RQA outcome variables. 
Interpretation of RQA can be aided by concurrent assessment of other non-linear features 
using additional measures such as DFA, as we have done. Our observation that young people have 
higher long-range correlations than elderly concurs with other observations of similar differences 
between young and old (Amoud et al., 2007; Duarte & Sternad, 2008; Kim et al., 2008; Norris et al., 
2005). Observed CoP fluctuations reflect both the perturbations (internal [self-generated] and 
external) and the postural responses to perturbations. The combination of these perturbations is 
resolved by the postural system. When the postural system appropriately responds to perturbations, 
then successive CoP positions relate to previous positions and correlation is strong (Bruijn et al., 
2013). Successful balance corrections to perturbations would not likely result in additional changes 
of CoP direction, but instead induce smooth CoP motion that tends to persist in the same direction. 
Alternatively, more changes in direction would increase the relative contribution of CoP fluctuations 
at shorter time-scales (DFA1) and reduce the strength of long-range correlations. CoP motion with 
fewer directional changes/ smoother appearance would more likely be more deterministic than CoP 
with more directional changes. Thus, DFA outcomes aid interpretation of whether the deterministic 
structure of signals arise from regular signals containing fluctuations at a single or limited number of 
time scales (such as a sine wave), or from regular signals with long-range correlations across multiple 
time scales. Taken together, concurrent observations of RQA and DFA strengthen our interpretation 
that high %DET and long Lmean observed in CoP motion of the young compared to the elderly is not 
related to reduced complexity as underlying CoP fluctuations were evident at a range of time scales. 
Some RQA settings require consideration as they could impact findings. Without an 
appropriate corridor (Theiler window, shown in Figure 4.1 C) along the line of identity (i.e., self-
recurrences of CoP states), diagonal line measures could be overestimated by the inclusion of 
recurrences that are temporally close (Marwan, 2011). This is important as the threshold, below which 
a recurrence is defined, depends on the phase space diameter (i.e., the amplitude of CoP movements) 
or depends on the fixed amount of recurrences in the recurrence plot. In both cases, higher amplitude 
CoP motion, resulting in a larger phase space diameter, would require a higher recurrence threshold. 
This would increase the neighbourhood to find recurrences. Greater amplitude of CoP motion is 
usually observed in elderly (Abrahámová & Hlavačka, 2008; Gill et al., 2001; Hageman et al., 1995). 
In these cases, RQA would be biased to observe longer diagonal lines and higher determinism if an 
appropriate Theiler window was not used (Marwan, 2011) allowing inclusion of temporally close 
neighbours. We used a 1 s Theiler window to minimise this bias. Use of a Theiler window was not 
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reported in previous studies (Bernard et al., 2015; Ramdani et al., 2013; Seigle et al., 2009), the max 
diagonal lines reported in some studies (Riley & Clark, 2003; Schmit et al., 2006) generally approach 
the length of the delay embedded signals, which implies that a Theiler window was not applied and 
findings may have been biased. 
The difficulty of the task used to assess balance control requires consideration. In the current 
study, participants maintained balance while somatosensory information from the calf muscle was 
suddenly altered by addition and removal of vibration in the absence of vision. Although aware of 
the experimental conditions, participants were in an unfamiliar balance situation and none had 
previously experienced muscle vibration. When balance is challenged, more predictable balance 
control could be beneficial. Increased regularity and smoothness of CoP motion could be interpreted 
as an appropriate adaptation to a more challenging balance task (Riley et al., 1999). 
4.4.2 Effect of vibration on postural control 
The postural vertical is modified when sensory input is increased by muscle vibration (Eklund, 
1972). The impact of vibration depends on both peripheral functioning of the muscle spindles and the 
weighting of this sensory input. Our results showed, on average, that linear measures of the CoP 
displacement caused by addition and removal of calf vibration did not differ between the young group 
and both older groups. This suggests the peripheral functioning of the calf proprioceptors and the 
weight assigned to the sensory information were not different between the groups. Although, 
Brumagne et al. (2004) also found similar CoP displacement for older and healthy young individuals, 
some authors (Pyykko et al., 1990; Quoniam et al., 1995) reported less CoP response to calf vibration 
with increased age. Pyykko et al. (1990) and Quoniam et al. (1995) used older individuals from a 
non-community dwelling setting which might explain the difference in outcome. Further, Quoniam 
et al. (1995) used 3 s vibration (15 s used here), which might be too short (Capicíková et al., 2006) to 
affect their elderly group’s CoP. 
Although addition of vibration did not differently perturb balance in fallers and non-fallers, 
removal of the vibratory stimulus revealed differences. This implies that dynamical integration of 
sensory information is more challenging when sensory input is reduced than when it is augmented. 
This appears to concur with observations that, in some contexts, addition of a subthreshold stochastic 
stimulus (e.g., vibration shoe soles) can improve balance (Priplata et al., 2002; 2003). Although we 
did not observe improvement of balance in response to sudden unfamiliar addition of a supra-
threshold vibratory stimulus to the muscle, our data did show that both fallers and non-fallers 
responded equally well to this perturbation (across our suite of measures). Spindle activity related to 
changes in calf muscle length is likely to be masked during vibration (Roll et al., 1989) indicative of 
reweighting of the calf proprioception by the CNS away from the additional inaccurate component 
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provided by the vibration. Although inaccurate information is provided, the additional input was 
integrated by the CNS for balance control evident by the backwards CoP shift in all groups. Cessation 
of vibration ceases the vibration related discharges immediately (Roll et al., 1989). Because the 
proprioceptive information was down-weighted during vibration, sudden reduction of proprioceptive 
information may be more difficult to accommodate to than adding proprioceptive information using 
vibration. The period after removal of vibration would require fast reweighting to use available 
somatosensory information (van der Kooij & Peterka, 2011) and the proprioceptive information from 
the calf might contain greater noise (Rogers et al., 1985) and less useful somatosensory information 
than during vibration. Further, analysis using the sliding window after removal of vibration may have 
reduced the variance leading to a greater probability to observe significant differences between groups 
than the analysis of a single epoch during vibration. 
Sway velocity is known to increase, together with Lmean and %DET, in balance tasks with 
greater sensory challenge [e.g., eye closure, compliant surfaces (Riley & Clark, 2003; Riley et al., 
1999)]. Increased sway would generate more proprioceptive information and potentially compensate 
for reduction/removal of sensory information from other sources (Carpenter et al., 2001; 2010). This 
‘self-generated’ proprioceptive information is dynamically integrated to guide balance control 
leading to more deterministic CoP motion and has been referred to as ‘perceptually guided control’ 
(Riley et al., 1999). Although our elderly group had higher sway velocity than the young group, this 
was not associated with more deterministic CoP motion. A similar observation was made by Seigle 
et al. (2009); removal of vision in quiet stance led to higher sway velocity but less %DET in elderly 
than younger individuals. This highlights a potential compromise in perceptually guided control in 
the elderly; particularly for fallers after removal of vibration. 
Lower DFA2 and DFAtau in all groups after vibration removal suggest that fluctuations at 
longer timescales were relatively small (~>0.8 s from DFAtau). Proprioceptive information that 
establishes sense of upright functions at lower frequencies (Diener & Dichgans, 1988; Diener et al., 
1986), and reduced fluctuation at longer time scales could reflect that the vertical upright of the 
participants was affected after removal of calf vibration. The observation of greater DFA2 and DFAtau 
for young than older participants after ~15 epochs (window starting 15 s after cessation of vibration) 
suggests that young more successfully established an upright subjective vertical. As we assessed 
fluctuation at a maximum time scale of 4.42 s our data might partly reflect recalibration of upright 
sense by dynamic reweighting of sensory information that establishes upright sense (i.e., 
proprioceptive information from the calf and vestibular input). 
Poorer balance control after removal of vibration in fallers might be related to an inferior 
capacity to dynamically reweight the sources of somatosensory information to minimise the 
perturbation effects of vibration removal. The ability to flexibly explore somatosensory information 
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is affected by increased age (Doumas & Krampe, 2010; Eikema et al., 2013; 2014; Hay et al., 1996; 
Teasdale et al., 1991). Reduced functioning of somatosensory systems other than the calf muscle 
spindles might also affect balance steadiness. Physiological ageing affects all somatosensory systems 
(Sturnieks et al., 2008), particularly the vestibular system (Sloane et al., 1989; Strupp et al., 1999) as 
evidenced by greater dependence of elderly individuals on visual information to establish vertical 
upright (Simoneau et al., 1999; Sundermier et al., 1996), and inferior capacity to align themselves 
with the vertical after being tilted (Menant et al., 2012). Because sensory information from the calf 
was unreliable and vision was unavailable in the present study, reliance on vestibular information 
would have been increased. Compromised function of the vestibular system would also render the 
somatosensory information less useful, as the internal upright reference frame against which 
somatosensory information is compared (Horak et al., 1989) is less accurate. Accurate sense of 
vertical in combination with optimal balance control would be expected to produce CoP motion that 
exhibits periods of minimal CoP movements and high %LAM as observed in the young group. It 
follows that lower %LAM observed in the older group, and lower %LAM observed post vibration in 
fallers than non-fallers might reflect a compromise of this combination. Confirmation that %LAM 
relates to inaccurate upright sense, poorer balance control, or both cannot be derived from the present 
data and requires further investigation.  
4.4.3 Fractal nature of CoP motion 
4.4.3.1 Balance between order and disorder 
Delignières et al. (2011) hypothesized that systems exhibiting long range correlations are 
flexible and adaptable and are more robust. Long range correlations are argued to stem from the 
collective behaviour of multiple components within the system (Peng, Havlin, Hausdorff, et al., 1995) 
that partially overlap in functionality generating a multi-scaled and hierarchical structure (Delignières 
& Marmelat, 2013). The lack of a characteristic scale would help prevent a single steady state 
(excessive mode locking) restricting the functional responsiveness of the system (Goldberger et al., 
2002; Peng et al., 1998). The relation of fluctuations at the different scales can be assessed with DFA, 
however, why the sum of these various contributions is scaling is unclear. Systems with long range 
correlations fall between systems with too strict control exhibiting excessive order, and systems with 
no control exhibiting disorder (Delignières & Marmelat, 2013; Peng et al., 1998). The elderly’s CoP 
motion with weaker long-range correlations in combination with lower %DET than young, could 
suggest that balance in elderly was less controlled, and more stochastic. This observation was 
exacerbated in fallers during a period after cessation of calf vibration compared to non-fallers and 
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suggests that fallers’ balance was more disorderly (i.e., less controlled) than non-fallers during this 
time period. 
4.4.3.2 Underlying balance control mechanisms 
A wide variety of physiological processes exhibit complex fluctuations that obey scaling laws 
describing their fractal nature (Goldberger et al., 2002). Most of these physiological processes are 
affected by pathology and/ or physiological ageing (Goldberger et al., 2002). Although the origin of 
these fluctuations is largely unknown, the organisation of these fluctuations is not random. Instead, 
fluctuations exhibit correlations over a wide range of time-scales and can exhibit different multifractal 
complexity levels (Ivanov et al., 2009) providing information on the underlying control mechanisms 
(Ashkenazy et al., 2002; Goldberger et al., 2002; Hu et al., 2004; Ivanov et al., 2009). For instance, 
the heart beat is regulated by the autonomic nervous system and changes in its control affect the 
variability of the time between beats (Goldberger et al., 2002). Similarly, the complex central control 
of gait results in complex variability of the time between consecutive gait cycles (Hausdorff et al., 
1995). For example, the correlation of stride time variability and fractal complexity reduces with 
maturation (Ashkenazy et al., 2002; Hausdorff et al., 1999) and is affected by ageing and disease 
(Hausdorff et al., 1997). These alterations are argued to stem from changes of the CNS possibly 
reflecting stronger or reduced connections between different parts that control walking (Ashkenazy 
et al., 2002). 
Some potential parallels can be drawn between the observation of changes in stride time 
variability with ageing (Hausdorff et al., 1997). Ageing is related to a narrowing of the physiological 
functional range (Rosenberg, 1989; Shaffer & Harrison, 2007) related with a decline in morphology 
and physiological functioning of the sensory system (Shaffer & Harrison, 2007), central processing 
of sensory information (Goble et al., 2011), and muscular system (Rosenberg, 1989). The ageing 
process results in structural and functional changes, which limit the responsiveness and flexibility of 
the balance control system. In line with Ashkenazy et al. (2002) and Hausdorff et al. (1997), DFA 
values in the present study were lower in elderly than young and were lower in fallers than non-fallers 
after removal of the vibratory stimulus. These observations suggest a simpler structure and function 
of the underlying control system in elderly individuals, which was amplified after vibration in fallers 
compared to non-fallers. Future investigation is required to identify the non-linear properties that 
underlie the correlations in CoP motion fluctuations as measured by DFA. Preferably without external 
alteration of sensory information and with longer signal durations. 
Although the underlying intrinsic control mechanism of a physiological process can be 
assessed by its fractal structure (Goldberger et al., 2002), DFA analysis of CoP motion assesses 
balance control strategies and therefore indirectly reflects the intrinsic structure of the underlying 
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control system. Other factors that underpin CoP motion fluctuations could explain DFA observations. 
Underlying biomechanics of upright stance are reflected in CoP motion. Upright balance is thought 
to be intermittently controlled (Loram & Lakie, 2002b; Vieira et al., 2012). Postural sway is probably 
continuously monitored but controlled by intermittent burst-like actions of postural muscles (Vieira 
et al., 2012). In between postural control actions, low amplitude CoP motion reflects the deterministic 
motion similar to the motion of an inverted pendulum (Asai et al., 2009). Intermittent control of 
upright balance could potentially explain the different scaling properties of CoP motion. In this view, 
DFA1 reflects the smooth persistent motion, consistent with that of an inverted pendulum, and DFA2 
reflects the anti-persistent motion, consistent with intermittent postural corrections to limit CoM 
within base of support. Elderly exhibited a more conservative balance strategy with less emphasis on 
persistence, in line with lower %DET, shorter Lmean and DFA1 in elderly than young, and more 
emphasis on anti-persistence in line with lower DFA2 during a period (~6-24 s) after vibration. 
Altered balance strategy observed in elderly individuals might reflect age-related changes in the 
intrinsic structure of the underlying control system. 
4.4.4 Conclusion 
The present results show that non-linear measures of CoP motion, in response to a perturbation 
that challenges reweighting of integration of sensory input, reveal differences in the quality of balance 
control between young and old individuals and between older individuals who do and do not go on 
to fall. Consideration of the interpretation of non-linear measures provides new insights into the 
possible mechanisms underlying balance dysfunction and risk for falling in older individuals. 
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Chapter 5 Effect of Acute Noxious Stimulation to the 
Leg or Back on Muscle Synergies During Walking5 
This study aimed to examine how acute muscle pain affects muscle coordination during gait 
with consideration of muscle synergies (i.e., group of muscles activated in synchrony), amplitude of 
muscle activity and kinematics. A secondary aim was to determine whether any adaptation was 
specific to pain location. Sixteen participants walked on a treadmill during 5 conditions (Control, 
low back pain [LBP], Washout LBP, calf pain [CalfP], and Washout CalfP). Five muscle synergies 
were identified for all the conditions. Cross validation analysis showed that muscle synergy vectors 
extracted for the Control condition accounted for >81% of variance accounted for of the other 
conditions. Muscle synergies were altered very little in some participants (n=7 for LBP; n=10 for 
CalfP), but were more affected in the others (n=9 for LBP; n=6 for CalfP). No systematic differences 
between pain locations were observed. Considering all participants, synergies related to propulsion 
and weight acceptance were largely unaffected by pain, whereas synergies related to other functions 
(trunk control and leg deceleration) were more affected. Gastrocnemii activity was less during both 
CalfP and LBP than Control. Soleus activity was further reduced during CalfP and this was 
associated with reduced plantarflexion. Some lower leg muscles exhibited adaptations depending on 
pain location (e.g., greater vastus lateralis and rectus femoris activity during CalfP than LBP). 
Overall, these changes in muscle coordination involve a participant-specific strategy that is 
important to further explore as it may explain why some people are more likely to develop persistence 
of a painful condition. 
 
5 Adapted from: W. van den Hoorn, P. W. Hodges, J. H. van Dieën, F. Hug. Effect Of Acute Noxious Stimulation To The 
Leg Or Back On Muscle Synergies During Walking. Journal of Neurophysiology 2015, Volume 113, p244-p255. 
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5.1 Introduction 
Pain alters motor control. For instance, motor drive is redistributed within and between 
muscles during experimental pain. This is reflected by reduced drive to some motor units in the 
painful muscle (Farina et al., 2004) and its synergists (Hodges et al., 2008) and increased drive to 
others in order to maintain force output (Bank et al., 2013; Hodges & Tucker, 2011; Murray & Peck, 
2007; Tucker & Hodges, 2010). These adaptations have been extensively documented during single-
joint isometric tasks that provide few options for the CNS to vary the manner in which a task is 
performed. Less is known for walking, which involves multiple degrees of freedom, and thus various 
possibilities for adaptation in muscle coordination while maintaining the overall demands of 
locomotion. 
During walking, the CNS controls numerous muscles, which simultaneously contribute to 
multiple functions (e.g., propulsion, posture, balance, breathing), with considerable redundancy. 
Muscle synergies (motor modules) involve multiple muscles activated in synchrony. They have been 
proposed as building blocks activated by a single neural command to simplify the control of these 
numerous degrees of freedom (Cappellini et al., 2006; Ivanenko et al., 2004; Neptune et al., 2009; 
Ting & McKay, 2007). Five discrete muscle synergies have been identified during gait (Cappellini et 
al., 2006; Ivanenko et al., 2004; Monaco et al., 2010; Oliveira et al., 2014). As muscle synergies are 
associated with functional subtasks of the gait cycle (Chvatal & Ting, 2012; Ivanenko et al., 2006), 
the number of synergies provides information about the complexity of control (Clark et al., 2010), 
whereas changes in the composition/activation of synergies can indicate whether and how the control 
of these motor subtasks is altered (Safavynia et al., 2011). Investigation of muscle synergies provides 
an ideal method to probe the effect of pain on neural control strategies during multi-segmental tasks 
such as walking. 
Simple measures of temporal and spatial features of muscle activation recorded with 
electromyography (EMG) have revealed changes during gait when challenged by acute experimental 
pain. Some studies report a change in magnitude of activation and/or shape of myoelectric patterns 
in a small subset of muscles in the vicinity of the pain site (Arendt-Nielsen et al., 1996; Henriksen et 
al., 2007; Lamoth et al., 2004). However, it is unclear whether these adaptations arise from a 
generalized change in muscle synergies and therefore locomotor strategy. Reorganization of muscle 
synergies with acute pain has been reported during a reaching task in some but not all participants 
(Muceli et al., 2014). Although no pain-related changes in the synergy related to coupling between 
the elbow and shoulder joints were observed, other synergies were affected (Muceli et al., 2014). 
Similar adaptation might occur during walking, i.e. the synergies related to power production 
(propulsion and weight acceptance; Allen & Neptune, 2012) might undergo little/no adaptation with 
pain, whereas synergies associated to postural subtasks could be more affected but with participant-
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specific strategies (Hodges et al., 2013; Muceli et al., 2014). A better understanding of how pain 
impacts movement can be gained by investigation of this hypothesis related to modular control of 
walking, and further, whether the location of pain differentially affects these adaptations. 
We aimed to study the effect of experimental muscle pain on muscle coordination (as reflected 
by muscle synergies and amplitude of muscle activity) and kinematics during treadmill walking. In 
addition, we compared two pain locations; one in a muscle responsible for propulsion (medial 
gastrocnemius); and another in a muscle indirectly involved in gait (erector spinae). We hypothesized 
that muscle synergies related to power production (propulsion and weight acceptance; Allen & 
Neptune, 2012) would remain unaltered by pain, regardless of its location. We further hypothesized 
that muscle synergies related to trunk control would exhibit more changes, but that this could involve 
a participant-specific strategy given recent work highlighting inter-individual variability in pain 
adaptations (Hodges et al., 2013; Muceli et al., 2014). 
5.2 Material and methods 
5.2.1 Participants 
Seventeen healthy volunteers (6 females, 11 male) participated in this experiment (age: 21 ± 
2 years, weight: 66 ± 11 kg, height: 173 ± 10 cm). Participants had no history of back or lower limb 
pain that had limited function or required them to seek intervention from a health care professional. 
Participants provided written informed consent. The Institutional Medical Research Ethics 
Committee approved the study, and all the procedures conformed to the Declaration of Helsinki. One 
male participant (#2) fainted during positioning of surface EMG electrodes. Thus, data are reported 
for 16 participants. 
5.2.2 Experimental setup 
Experiments were conducted on a motor driven treadmill (BH fitness, Pioneer pro, Spain) at 
0.94 ms-1 and at 1.67 ms-1 (the higher speed was recorded for Study Four, Chapter 6). Motion data 
were collected using an 8-camera movement recording system (T040, Vicon Motion Systems Ltd. 
Oxford, UK). Cameras were placed around the treadmill at a height of 2.8 m at a distance between 2-
6 m. Reflective markers (diameter: 14 mm) were attached to the skin with double sided tape according 
to the Vicon Plug-in-Gait marker set (forearm and hand segments were excluded from the model). 
Movement data were sampled at 100 samples/s. 
Myoelectric activity was recorded from a total of 19 muscles on the right side of the body. 
Surface electrodes were used for 15 muscles: tibialis anterior (TA), soleus (SOL), gastrocnemius 
Chapter 5: Study Three 
 124
medialis (GM) and lateralis (GL), vastus medialis (VM) and lateralis (VL), rectus femoris (RF), long 
head of biceps femoris (BF), semimenbranosus (SM), gracilis (GRA), gluteus maximus (GMX) and 
medius (GMD), tensor fasciae latae (TFL), erector spinae at the level of the L3 spinous process (ES), 
and rectus abdominis (RA). An additional channel was used to record electrocardiogram (ECG) to 
aid its removal from EMG recordings. Pairs of surface Ag/AgCl electrodes (Blue sensor, N-00-S, 
Ambu®, Denmark) were attached to the skin (~2 cm inter-electrode distance). Electrodes were placed 
longitudinally with respect to the muscle fiber alignment at sites recommended by SENIAM when 
available (Hermens et al., 2000). Skin was shaved and cleaned with alcohol to reduce impedance. 
Electrode cables were well secured to the skin with adhesive tape, to minimize movement artifacts. 
EMG signals were amplified ×1000, band-pass filtered (bandwidth 10-1000 Hz), and digitized with 
22-bit precision at 2048 samples/s (PortiLab 2, TMS International, The Netherlands). 
Intramuscular EMG electrodes were used to record myoelectric activity from the four other 
muscles: obliquus internus (OI) and externus (OE) abdominis, iliocostalis at the level of the L3 
spinous process (IL), and longissimus at the level of T12 spinous process (LO). Fine-wire EMG 
electrodes (two Teflon-coated 100 μm stainless-steel wires with 2 mm insulation removed, bent back 
at 2 and 4 mm to form hooks, and threaded into a hypodermic needle [22G × 38 mm or 22G × 70 
mm, depending on the muscle depth]) were inserted with ultrasound guidance (12 MHz, Logic E, GE 
Healthcare, Canada). Skin was cleaned with antiseptic. Note that no participants reported pain at the 
location of the fine-wire insertion during the experiment. Intramuscular EMG data were pre-amplified 
× 2000, band-pass filtered (10 to 1000 Hz for subject #1 to #8: Telemyo, Noraxon, USA; 30 to 1000 
Hz for subject #9 to #17: Neurolog, Digitimer, UK) and digitized with 16-bit precision with a 
Power1401 Data Acquisition System with Spike2 software (Cambridge Electronic Design, UK) at 
2000 samples/s. EMG and movement data were synchronized with a Transistor-Transistor Logic 
pulse at the beginning and end of each condition. 
5.2.3 Procedure 
Participants were familiarized with treadmill walking for 1-5 min before the start of the 
experiment. Walking trials of 6-min duration were repeated in 5 experimental conditions: control 
(Control); low back pain (LBP); Washout LBP; calf pain (CalfP); and Washout CalfP. The 6-min 
trials included 3 min of walking at 0.94 ms-1 and 3 min at 1.67 ms-1 in random order. For the purpose 
of this study, only the lowest speed was analysed (0.94 ms-1). All participants began with the Control 
condition that was considered the reference for both pain conditions. The order of pain induction into 
either the low back or calf was also randomized. Participants rested in sitting between conditions. 
Each ‘washout’ condition began ~4 min after full recovery of pain. 
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5.2.4 Experimental pain 
Muscle pain was induced by injection of a single bolus of hypertonic saline into the right ES 
muscle adjacent to the L3 spinous process or the right GM muscle (Hug, Hodges, Salomoni, et al., 
2014). To account for the decrease in pain intensity after approximately 2-3 min, a second injection 
was administered before the start of the second speed. Pain intensity was reported verbally every 30 
s during the painful conditions on an 11-point numerical rating scale (NRS), anchored with “no pain” 
at 0 and “worst pain imaginable” at 10 (Tucker et al., 2014). During the pain trial, recording began 
after the pain intensity reached 2/10 and stopped when pain intensity dropped below 2/10 (Hug, 
Hodges, & Tucker, 2014; Tucker & Hodges, 2010). Participants recorded the area of pain on a 
standardized diagram of the leg and back following each pain trial (Figure 5.1). 
5.2.5 Data analysis 
5.2.5.1 Kinematics of walking 
Fifteen complete stride cycles (consecutive heel strikes on the right side) were selected for 
analysis based on quality of the EMG data (see Section 5.2.5.2). Heel strikes were determined from 
the local vertical minima of the right heel marker position. Toe offs were determined from the local 
maximum of the vertical velocity of the right heel marker. Stride time (complete gait cycle) was the 
time between consecutive heel strikes of the right leg, stance time was the time between heel strike 
and the consecutive toe off, and swing time was the time between toe off and the consecutive heel 
strike. 
The Plug-in-Gait model was used to calculate the spine angles (angle between pelvis and 
thorax) in the horizontal (rotation), frontal (lateral-flexion) and sagittal (flexion-extension) planes. 
Hip, knee and ankle angles were calculated in the sagittal plane (flexion-extension) on both sides. 
The minimum/maximum ROM and total ROM were determined within each stride cycle and 
averaged across the 15 stride cycles. 
5.2.5.2 EMG pre-processing  
EMG signals were band-pass filtered (20-750 Hz for surface EMG and 50-750 Hz for 
intramuscular EMG) with a zero-lag 4th order Butterworth filter. Based on visual inspection, a section 
of EMG data containing at least 15 consecutive stride cycles without artefacts (e.g., movement) was 
selected for analysis. RA and GRA EMG were discarded for all participants, because EMG amplitude 
was consistently very low, artefacts were found in most cases, and signals appeared contaminated by 
crosstalk from adjacent muscles. If 15 consecutive cycles were not available without artefacts, 
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recording for that muscle was discarded from further analysis for that participant. Table 5.1 depicts 
muscles available for analysis for each participant. 
ECG artefacts were removed from the ES, GMX and GMD EMG recordings. Each QRS 
complex was detected from the ECG signal (Mulder, 1992). From the unfiltered EMG signal, a 12-
ms window (± 6 ms) was extracted around the time of detected heartbeats, to create an ensemble 
average of the representative ECG artefacts in a muscle. The template created from this average was 
subtracted from the EMG signal at the ECG time points before filtering. 
EMG data were rectified and subsequently smoothed with a 4th order zero lag low-pass 
Butterworth filter (9 Hz; Shiavi et al., 1998). For both synergy and EMG amplitude analysis, EMG 
data were normalized to the average of the peak values across the 15 cycles of the Control condition. 
EMG amplitude was calculated as the average of the mean normalised EMG amplitudes recorded 
during each of the 15 stride cycles. 
5.2.5.3 Extraction of muscle synergies for each condition independently 
As inter-cycle variability contains important information for identification of muscle 
synergies (Clark et al., 2010), they were extracted using non-negative matrix factorization (Lee & 
Seung, 1999; 2001) from a set of 15 consecutive cycles as previously described by Hug et al. (2011) 
and Frere and Hug (2012). The decomposition algorithm has two components: the ‘muscle synergy 
vectors’ (W) that represent the relative weighting of each muscle within each synergy and the 
‘synergy activation coefficient’ (C) that represents the recruitment of the muscle synergy across the 
gait cycle (Ting & Chvatal, 2011). The algorithm is based on iterative updates of an initial random 
guess of W and C that converge to a local optimal matrix factorization (Lee & Seung, 2001). The 
algorithm was repeated 20 times for each participant in each condition. The lowest cost solution was 
retained (i.e., minimized squared error between original and reconstructed EMG patterns). 
The initial EMG data matrix (E) consisted of 15 consecutive cycles for all the muscles. Each 
cycle was interpolated to 200 time points. E was thus a 15 to 17 rows (depending of the number of 
retained muscles, Table 5.1) and 3000 columns matrix. Mean total Variance Accounted For (VAF) 
was calculated (Frère & Hug, 2012; Torres-Oviedo et al., 2006). For each participant’s data, the 
analysis was iterated by varying the number of synergies between 1 and 15 and then the lowest 
number of synergies that accounted for more than 90% of the variance (Torres-Oviedo & Ting, 2007), 
while adding an additional synergy did not increase VAF by more than 3%, was selected. Data from 
all participants and the 5 experimental conditions (80 trials) revealed 2, 3, 4, 5 and 6 muscle synergies 
in 1%, 2%, 24%, 58% and 15% of cases, respectively. For each participant and each condition, the 
same number of muscle synergies (i.e., 5) were extracted to facilitate comparison of the set of 
synergies (Roh et al., 2012) between conditions / participants. This choice was further motivated by 
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the fact that most previous studies identified five muscle synergies during walking (Cappellini et al., 
2006; Ivanenko et al., 2004; Monaco et al., 2010; Oliveira et al., 2014). 
 
Table 5.1. Muscles selected for synergy analysis in each participant 
 Participants 
Muscles 1 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 
TA x x x x x x x x x x x x x x x x 
SOL x x x x x x x x x x x x x x x x 
GM x x x x x x x x x x x x x x x x 
GL x x x x x x x x x x x x x x x x 
VM x x . x x x x x x x x x x x x x 
VL x x x x x x x x x x x x x x x x 
RF x x x x x x x x x x x x x x x x 
BF x x x x x x x x x x x x x x x x 
SM x x x x x x x x x x x x x x x x 
GMX x . x x x x x x . x x x x x x x 
GMD x x x x x x x x x x x x x x x x 
TFL x x x x x x x x x x x x x x x x 
ES x x x x x x x x x x x x x x x x 
OI x x x x x x x . x . x x . x x x 
OE . . . . . . x x . x . x . x . . 
IL x x x x x x . x x x x x x x x x 
LO x x x x x x . x x x x x x x x x 
‘x’ indicates that the muscle was selected for data analysis. For muscle name abbreviations, see Section 5.2.2.  
5.2.5.4 Cross-validation of the extracted muscle synergies 
To verify the robustness of the extracted muscle synergies across conditions, we used a cross-
validation procedure (Cheung et al., 2005; 2009; Hug et al., 2011; Torres-Oviedo & Ting, 2007; 2010; 
Turpin et al., 2011). First, muscle synergy vectors extracted from the Control condition (Control 1) 
were used to reconstruct the individual EMG patterns of another set of 15 consecutive stride cycles 
within the same condition (Control 2, separated by 162±60 stride cycles). This first step allowed us 
to determine the within-subject variation of the synergies without pain. Second, muscle synergy 
vectors extracted from Control 1 were used to reconstruct the individual EMG patterns of all other 
conditions. To do this, the muscle synergy matrix extracted from the control condition ( ) was 
€ 
Wcont
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held fixed in the algorithm and the activation coefficients matrix ( ) was free to vary.  
was initialized with random values and iteratively updated until convergence. The EMG data matrix 
( ) of the other conditions was provided to the algorithm with the following update rule (Lee 
and Seung 2001): 
 
Equation 5.1 
 
 
In addition, to compare pain locations, the muscle synergy vectors of the LBP condition were 
used to reconstruct the EMG patterns of CalfP condition. We considered that the synergies were 
significantly affected by pain (or by pain location) if the VAF was reduced by more than the upper 
limit of the 95% confidence interval of the VAF change when EMG patterns of Control 2 were 
reconstructed using synergy vectors of Control 1. 
5.2.5.5 Assessment of similarity between muscle synergies 
The similarity between the muscle synergies extracted from the Control condition and those 
extracted from the other conditions was further determined by correlation analyses. Similarity in 
synergy activation coefficients and muscle synergy vectors between conditions was assessed using 
Pearson cross-correlation (r max) and correlation (r) coefficients, respectively. They were considered 
similar when the coefficient was higher than 0.80 (Hug et al., 2010). In addition, to compare pain 
locations the similarity between the LBP and CalfP conditions was also determined. 
5.2.6 Statistical analysis  
Statistical analyses were performed in Stata (StataCorp LP, Texas, USA) using a linear mixed 
model. Condition (Control, LBP, Washout LBP, CalfP, Washout CalfP) was entered as a fixed effect, 
and the intercepts of the participants were entered as random effects into the model. P-values were 
obtained via Maximum Likelihood. Significance level was set at P≤0.05. If the Shapiro-Wilk test for 
normality was significant, data were transformed. 
Pain intensities during the 15 analysed stride cycles were compared between the LBP and 
CalfP conditions with a paired t-test. The linear mixed model assessed differences in the dependent 
variables (EMG amplitude of each muscle, VAF, cross-validated VAF) between the 5 conditions. If 
the main effect of Condition was significant then, LBP, Washout LBP, CalfP and Washout CalfP 
conditionC conditionC
conditionE
€ 
(Ccondition )ij← (Ccondition )ij
(WT contEcondition )ij
(WT contWcontCcondition )ij
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conditions were compared with the Control condition, and the two pain conditions were compared 
using a post-hoc Wald test with Bonferroni correction for multiple comparisons (adjusted P-values 
are reported). For the kinematics data, Condition, Side and the Condition × Side interaction were 
added into the linear mixed model as fixed effects. If the Condition × Side interaction was significant, 
the effect of Condition was tested within each Side with Bonferroni correction for multiple 
comparisons (adjusted P-values are reported). 
Changes in EMG amplitude during LBP and CalfP conditions were also analysed on an 
individual basis. For each participant and each muscle, the EMG amplitude was defined 
conservatively as increased or decreased if its change exceeded 15% of that in the Control condition 
(Hodges et al., 2013). 
5.3 Results 
5.3.1 Pain intensity 
The average pain intensity during the 15 stride cycles was 5.3 ± 1.8 for LBP and 5.8 ± 1.7 for 
CalfP (t-test for LBP vs. CalfP - P=0.10). Location of pain was restricted to the lumbar region for 
LBP and to the medial calf for CalfP, and was primarily reported in the vicinity of the hypertonic 
saline injections (Figure 5.1). 
 
 
 
 
 
Chapter 5: Study Three 
 130
 
Figure 5.1. Area of pain. Pain location reported by each participant when hypertonic saline was injected (at the sites 
indicated by the black dot) into the right erector spinae muscle at the level of the L3 spinous process and the right medial 
gastrocnemius muscle. 
5.3.2 Kinematics of walking 
In both painful and non-painful side, stride and stance times were less during LBP and CalfP 
than Control (Condition effect: both P<0.01; post-hoc: all P<0.01) but there was no significant 
difference between the two pain conditions (P=0.07 and P=0.08 for stride and stance time, 
respectively; Figure 5.2). Swing time on the non-painful side was less during CalfP than Control 
(Condition × Side interaction: P<0.01: post-hoc: P<0.01) but was not different between LBP and 
Control (P=0.79). These changes observed during CalfP mainly reflect the observation of limping. 
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Figure 5.2. Basic gait parameters results. Swing time, stance time and stride time on the right (painful side, dark grey) 
and left (light grey) side are shown for the Control, low back pain (LBP), washout low back pain (Washout LBP), calf 
pain (CalfP) and washout calf pain (Washout CalfP) conditions. During the LBP and CalfP conditions, hypertonic saline 
was injected into the erector spinae muscle at the level of the L3 spinous process, and medial gastrocnemius on the right 
side, respectively. Brackets with vertical lines indicate that both sides exhibited similar changes. Asterisks denote 
significant (P<0.05) differences between conditions. Error bars - 95% confidence interval; box - 25-75 percentile with 
the median. 
Although CalfP affected ankle kinematics on the painful side, LBP had a bilateral effect on 
hip kinematics and some specific adaptations in trunk kinematics (Table 5.2). Plantarflexion was less 
during CalfP on the painful side than Control (Condition × Side interaction: P=0.05; post-hoc: 
P<0.01) but no change was observed on the non-painful side (all P>0.11). No change in dorsiflexion 
was observed (Condition effect: P=0.60; Condition × Side interaction: P=0.96). Consequently, the 
ankle ROM was less during CalfP on the painful side than Control (Condition × Side interaction: 
P=0.03; post-hoc: P<0.01). During the LBP condition, hip ROM was less on both sides than Control 
(Condition effect: P=0.01; post-hoc: P<0.01). However, there was no significant difference between 
the pain locations (P=1.00). Knee kinematics was not affected (Condition effect: all P>0.06; 
Condition × Side interactions: all P>0.13. 
swing stance stride
Washout CalfP
CalfP
Washout LBP
LBP
Control
Duration (s)
0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
*
*
*
**
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Table 5.2. Kinematics of Ankle, knee, hip and spine 
  Control LBP Washout LBP Calf Pain Washout CalfP 
  right left right left right left right left right left 
Ankle           
plantarflexion -22.9 (7.6) -22.2 (7.9) -19.2 (7.2) -21.6 (7.6) -21.3 (8.0) -21.6 (7.9) -15.7 (8.1)* -21.0 (7.6) -22.0 (7.8) -22.7 (9.6) 
dorsalflexion 12.8 (4.2) 12.2 (6.1) 13.1 (4.4) 12.8 (5.9) 13.7 (4.4) 13.7 (5.9) 14.1 (5.0) 12.9 (5.9) 13.5 (4.8) 13.1 (6.7) 
ROM 35.8 (9.9) 34.4 (6.6) 32.3 (6.5) 34.4 (8.0) 34.9 (7.7) 35.4 (8.0) 29.8 (6.7)* 33.9 (7.4) 35.5 (7.5) 35.8 (9.9) 
Knee           
extension -2.5 (6.2) -2.0 (4.8) -1.4 (6.8) -0.0 (5.8) -2.6 (6.8) -1.2 (5.8) 0.4 (7.7) -1.1 (5.4) -2.5 (6.5) -1.6 (5.5) 
flexion 51.3 (8.2) 49.7 (9.5) 50.7 (7.3) 51.1 (8.3) 50.4 (8.4) 52.0 (7.7) 49.7 (9.0) 51.1 (7.6) 51.2 (7.5) 51.3 (8.5) 
ROM 53.8 (3.6) 51.7 (6.6) 52.1 (5.0)* 51.1 (6.4)* 53.0 (4.9) 53.2 (5.7) 49.4 (7.9) 52.2 (6.2) 53.7 (4.7) 52.9 (6.5) 
Hip           
extension -7.3 (6.9) -8.2 (6.0) -5.4 (7.9) -6.6 (7.1) -7.2 (7.5) -7.8 (6.6) -4.4 (6.8) -8.1 (5.7) -6.8 (7.8) -7.7 (7.0) 
flexion 35.2 (7.7) 35.0 (7.2) 34.9 (8.0) 35.1 (8.2) 34.8 (7.9) 34.9 (7.8) 36.0 (7.3) 35.5 (7.4) 35.5 (7.8) 35.3 (8.3) 
ROM 42.5 (3.8) 43.2 (5.1) 40.3 (4.1) 41.6 (5.1) 42.0 (4.0) 42.7 (5.0) 40.4 (4.3) 43.6 (5.8) 42.2 (3.7) 43.0 (5.3) 
            
  Control LBP Washout LBP CalfP Washout CalfP      
Spine flexion-extension           
extension -7.7 (9.8) -5.6 (10.2)* -7.0 (9.3) -6.7 (10.3) -7.5 (11.0)      
flexion -3.7 (9.4) -1.4 (9.7)* -2.6 (9.2) -1.8 (9.4) -2.8 (10.1)      
ROM 4.0 (1.2) 4.1 (1.7) 4.3 (1.5) 4.9 (2.6)*# 4.7 (1.9)      
Spine rotation           
left rotation -5.7 (3.9) -5.2 (3.4) -5.6 (3.6) -6.2 (3.7) -5.3 (3.6)      
right rotation    5.3 (2.0) 4.6 (2.0)# 5.1 (1.9) 5.2 (2.5) 5.6 (2.3)      
ROM 11.0 (4.2) 9.8 (3.3)*# 10.7 (3.2) 11.4 (4.8) 10.9 (3.4)      
Spine lateral flexion           
left lateral flexion -3.3 (3.1) -4.0 (2.8) -4.0 (3.1) -4.0 (3.2) -4.0 (3.3)      
right lateral flexion 4.2 (2.7) 3.4 (3.0)*# 4.3 (3.0) 4.6 (2.9) 5.0 (3.9)      
ROM 7.5 (3.8) 7.4 (3.9) 8.3 (3.9) 8.6 (4.1) 9.0 (4.4)      
Degrees (mean ± SD) for hip, knee, ankle and spine minimum (min), maximum (max) and range of motion (ROM) are displayed for the Control, low back pain (LBP), Washout LBP, 
calf pain (CalfP), and Washout CalfP conditions. * - significant (P<0.05) difference from Control; # - significant difference between LBP and CalfP.
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During LBP, participants walked with a more flexed spine than the Control condition; 
extension was less (main effect Condition: P<0.01; post-hoc: P<0.01) and flexion was greater (main 
effect Condition: P=0.01; post-hoc: P<0.01). There was no significant difference between the pain 
locations (both P>0.41). Spine flexion/extension ROM was greater during CalfP than Control and 
LBP (Condition effect: P=0.03; post-hoc: both P=0.05). Spine rotation ROM was less during the LBP 
than Control and CalfP (Condition effect: P<0.01; post-hoc: both P<0.01). Spine rotation to the right 
(painful side) was also less during LBP than CalfP condition (Condition effect: P=0.02; post-hoc: 
P=0.01). However, spine rotation to the left was not affected by Condition (P=0.26). Lateral flexion 
to the painful side was less during LBP than both Control and CalfP conditions (Condition effect: 
P<0.01; post-hoc: both P<0.02). Lateral flexion to the non-painful side was not significantly affected 
by Condition (P=0.06). 
5.3.3 EMG amplitude 
Although gastrocnemii muscle activity reduced during both pain conditions relative to 
Control, there were some specific changes in EMG amplitude depending on pain location, such as 
less soleus activity and greater vastus lateralis and rectus femoris activity during CalfP than LBP 
(Figure 5.3 and Figure 5.4). A main effect of Condition was observed in TA, SOL, GM, GL, VM, 
VL, RF, ES, IO and IL (all P<0.01). However, BF, SM, GMX, GMD, TFL, EO and LO were 
unaffected (all P>0.07). 
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Figure 5.3. Ensemble-averaged patterns of myoelectric activity. Patterns of myoelectric activity averaged across all 
participants are shown for Control (Green ± 95% confidence interval [1.96 × SEM]), low back pain (LBP, red), Washout 
LBP (orange), calf pain (CalfP, purple) and Washout CalfP (blue) conditions. Electromyographic (EMG) activity was 
normalized to the mean of the peaks within each stride cycle of the Control condition. 
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Figure 5.4. Effect of experimental pain on muscle activity level. Myoelectric activity amplitude, normalized to the Control 
condition [horizontal grey line (=1)], is shown with box plots for each muscle and each condition. Error bars - 95% 
confidence interval; box - 25-75 percentile with the median. * - significant (P<0.05) difference from Control; # - 
significant (P<0.05) difference between low back pain (LBP) and calf pain (CalfP). For muscle name abbreviations, see 
Section 5.2.2. 
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LBP was associated with reduced EMG amplitude of ankle plantar flexor muscles [GM 
(P<0.01) and GL (P=0.05)] than Control and this did not recover during Washout LBP (P<0.01 for 
GM and P=0.02 for GL; Figure 5.4). There was no significant systematic effect of pain on trunk 
muscle EMG amplitude when walking with LBP relative to Control (all - P>0.62). Although not 
different during LBP, EMG amplitudes of TA (P=0.02) and ES (P<0.01) were lower when walking 
during Washout LPB (after recovery of LBP) than during Control. 
During CalfP, EMG amplitudes of the four lower leg muscles were lower than Control (TA, 
SOL, GM, and GL; all P<0.01) and amplitude for three did not recover during Washout CalfP (SOL, 
GM - P=0.01; GL - P=0.03). In contrast, EMG amplitudes of knee extensor muscles (VM and VL) 
were higher (both P=0.05) during CalfP than Control. ES EMG amplitude was lower during Washout 
CalfP than Control (P=0.03). During CalfP, SOL EMG amplitude was lower than during LBP 
(P=0.03). RF EMG amplitude was higher during CalfP than LBP (P=0.01). 
5.3.3.1 Inter-individual variability of changes in EMG amplitudes 
Changes in EMG amplitude of some muscles varied between participants. Figure 5.5 shows 
the percentage of participants who exhibited decreased or increased EMG amplitude (>15%) or no 
change for each muscle during the LBP and CalfP conditions relative to the amplitude recorded in 
the Control condition. Qualitatively, the muscles that most commonly increase in EMG amplitude 
during LBP were OI (61.5%), then OE (42.9%) and LO (40%). It is important to note that activity of 
these muscles underwent an opposite change (i.e., a decrease) in 23.1, 28.6 and 33.3% of participants, 
respectively. During CalfP, EMG amplitude increased most commonly for OE (85.7%), RF (56.3%), 
VL (50%), and VM (43.8%). EMG commonly decreased for TA (68.8%), SOL (56.3%) and GM 
(37.5%), consistent with the average change in EMG amplitude. 
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Figure 5.5. Inter-individual variability of change in EMG amplitude. The percentages of participants with increased (red), 
decreased (blue) and no change (grey) in muscle activation during low back pain (LBP) and calf pain (CalfP) relative to 
that in the Control (>15% change) condition are displayed. For muscle name abbreviations, see Section 5.2.2. 
5.3.4 Muscle synergies extracted for each condition separately 
Five muscle synergies were extracted for each participant during all conditions, and this 
accounted for a VAF of 90.8 ± 1.4%, 93.3 ± 1.4%, 92.2 ± 1.8%, 93.3 ± 1.8%, and 91.9 ± 2.0% for 
Control, LBP, Washout LBP, CalfP, and Washout CalfP conditions, respectively. VAF differed 
between Conditions (Condition effect: P<0.01). The VAF explained by 5 synergies was higher for 
the two pain conditions (LBP and CalfP vs. Control, post-hoc both: P<0.01) and the two washout 
conditions (Washout LBP, P<0.01 and Washout CalfP vs. Control, post-hoc: P=0.01) than for the 
Control condition. 
5.3.4.1 Functional role of the extracted muscle synergies. 
The 5 identified muscle synergies (Figure 5.6; Table 5.3) are similar to those reported 
previously for similar walking speeds (Cappellini et al., 2006; Ivanenko et al., 2004) and can be 
related to the subtasks of the gait cycle. Synergy #1 (‘propulsion’ synergy) mainly involved the triceps 
surae muscles (GM, GL and SOL) and was active during the late stance. Synergy #2 (‘leg 
deceleration’ synergy) mainly involved thigh muscles (SM, BF, VM and VL) and was active during 
late swing/early stance phase. Synergy #3 (‘trunk flexion’ synergy) mainly involved abdominal 
muscles (OI, OE) and TA and was active during swing and throughout the gait cycle. This synergy 
showed substantial inter-individual variation in composition. Synergy #4 (‘trunk extension’ synergy) 
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involved the trunk extensors (IL, ES, LO) and was active during late stance. Finally, synergy #5 
(‘weight acceptance’ synergy) involved hip (GMX and GMD) and knee extensor (VL, VM and RF) 
muscles and was mainly active during early stance. 
 
 
Figure 5.6. Extracted muscle synergies for each condition. (A) Muscle synergy coefficients and vectors for Control 
(green, with shaded green representing 95% confidence intervals [1.96 × SEM]), low back pain (LBP, red) and Washout 
LBP (orange) and (B) Muscle synergy coefficients and vectors for Control (green, with shaded green representing 95% 
confidence intervals [1.96 × SEM]), calf pain (CalfP, purple) and Washout CalfP (blue). For muscle name abbreviations, 
see Section 5.2.2. Error bars - 95% confidence intervals (1.96 × SEM).
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Table 5.3. Description of muscle synergies 
Synergy # Function Timing 
Major muscle 
contributions 
1 Propulsion Mid-late stance Triceps surae 
2 Leg deceleration Late swing / early stance Hamstrings 
3 Trunk flexion 
Swing / throughout the 
gait cycle 
Abdominal muscles 
4 Trunk extension Late stance Trunk extensors 
5 Weight acceptance Early stance 
Quadriceps / gluteal 
muscles 
5.3.4.2 Cross-validation of muscle synergies 
The cross-validation procedures showed that pain affected muscle synergies in some but not 
all participants. To assess the robustness of the muscle synergies across conditions, muscle synergy 
vectors extracted from Control 1 were used to reconstruct the EMG patterns in the other conditions. 
They explained more than 81% of the VAF in all conditions (average VAF across participants: 87.1± 
6.8%, 82.1 ± 9.1%, 85.4 ± 6.3%, 81.2 ± 13.2%, and 84.9 ± 8.9% for the Control 2, LBP, Washout 
LBP, CalfP, and Washout CalfP, respectively). There was a significant main effect of Condition 
(P<0.01). VAF values of both LBP (P<0.01) and CalfP (P<0.01) conditions were lower than those 
of Control 2. This means that, on average, muscle synergy vectors were altered by experimental pain. 
As shown in Figure 5.7, the change in VAF varied between participants during pain. 
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Figure 5.7. Reduction in Variance Accounted For (VAF). Reduction in VAF when muscle patterns were reconstructed 
with muscle synergy vectors of the Control 1 condition when compared to the VAF obtained when muscle patterns were 
reconstructed when muscle synergy vectors were allowed to vary in each pain conditions. The dashed grey lines represent 
the threshold of reduction (6.1%). This threshold was the upper limit of the 95% confidence interval of the VAF change 
when EMG patterns of Control 2 were reconstructed using synergy vectors of Control 1. 
In order to investigate the individual adaptations, we calculated the upper limit of the 95% 
confidence interval of the change in VAF between Control 1 and Control 2. Considering this threshold 
(-6.1%), muscle synergies were not affected by any of the two pain locations in 6 participants (37.5%). 
VAF decreased by >6.1% in five participants (31.3%) during one of the two pain locations (four for 
LBP and one for CalfP, respectively; Figure 5.7). Finally, five participants (31.3%) exhibited a 
decrease in VAF by >6.1% for both pain locations. When the EMG data of the CalfP condition were 
reconstructed with the synergy vectors of the LBP condition, these participants did not decrease VAF 
> 6.1%. This suggests the adaptation of muscle synergies between the two pain locations was similar 
in these five participants. Overall, muscle synergies were differently affected by pain locations in 
only 5 out of 16 participants. 
5.3.4.3 Similarity of muscle synergies between experimental and Control conditions 
Synergies extracted for each condition independently were correlated to the Control condition. 
Results from both synergy vectors and activations indicate that the synergy related to propulsion 
(synergy #1) and weight acceptance (synergy #5) were robust. In contrast, synergy related to leg 
deceleration (synergy #2), trunk extension (synergy #4) and especially trunk flexion (synergy #3) 
were more dependent on the experimental conditions, albeit not in all participants. From the 64 pair-
wise comparisons of the muscle synergy vectors between Control and the other conditions, 6 (9%), 
29 (45%), 31 (48%), 20 (31%), and 8 (13%) of the r-values were below threshold (0.80) for synergy 
#1 to #5, respectively (Figure 5.8). For the synergy activations coefficients, 1 (2%), 18 (28%), 41 
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(64%), 16 (25%), 4 (6%) of the r-values were below the threshold (0.80) for synergy #1 to #5, 
respectively (Figure 5.8). Interestingly, timing of the peak activation of the synergy related to 
propulsion (synergy #1) was significantly affected by Condition (P<0.001). That is, the peak occurred 
earlier during CalfP than both during Control (-6.4% of the gait cycle; P<0.001) and LBP (-4.2% of 
the gait cycle; P=0.01). 
5.3.4.4 Similarity of muscle synergies between pain locations 
Muscle synergies related to trunk flexion (synergy #3) and, to a lesser extent to trunk 
extension (synergy #4), were sensitive to pain location in some but not all participants. From the 16 
pair-wise comparison of the muscle synergy vectors between pain conditions 3 (19%), 4 (25%), 10 
(63%), 8 (50%), and 2 (13%) of the r-values were below threshold (0.80) for synergy #1 to #5, 
respectively (see Figure 5.8). For the synergy activations coefficients; 1 (6%), 1 (6%), 11 (69%), 4 
(25%), 1 (6%) of the r-values were below threshold (0.80) for synergy #1 to #5, respectively (Figure 
5.8). 
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Figure 5.8. Similarity of the muscle synergies compared to Control. (A) Maximum Pearson cross-correlation coefficients 
(r) of the muscle synergy activation coefficients between Control and low back pain (LBP), Washout LBP, calf pain 
(CalfP), Washout CalfP, and between LBP and CalfP. (B) r of the muscle synergy vector between Control and LBP, 
Washout LBP, CalfP, Washout CalfP, and between LBP and CalfP. Data are depicted as median (line) (box - 25-75 
percentile; Error bars - 95% confidence interval). Dashed light grey lines represent the thresholds set a priori. Note the 
scale is Fisher transformed. 
5.4 Discussion 
The primary aim of this study was to examine how experimentally induced acute muscle pain 
affects motor control during gait with consideration of both muscle synergies and amplitude of muscle 
activity. The second aim was to examine potential differences in effect of pain on motor control when 
it was induced in a low back or calf muscle. Overall, muscle synergies were altered very little in some 
participants (n=7 for LBP and n=10 for CalfP), but were more affected in the others (n=9 for LBP 
and n=6 for CalfP). A subgroup of 5 participants showed similar changes between pain locations. 
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Considering the whole group, most changes were observed in synergy related to trunk flexion 
(synergy #3) and to a lesser extent in synergy related to leg deceleration (synergy #2) and trunk 
extension (synergy #4). Both synergy related to propulsion (synergy #1) and weight acceptance 
(synergy 5) remained robust in most participants. Considering the amplitude of myoelectric activity, 
gastrocnemii activity was reduced during both pain conditions compared to Control. Some lower leg 
muscles exhibited specific adaptations depending on pain location (reduced SOL activity and 
increased VL and RF activity during CalfP compared to LBP). 
Before considering the effect of pain, it is important to note that although experimental 
(Berger et al., 2013; Overduin et al., 2012) and simulation data (Berniker et al., 2009; Neptune et al., 
2009) support the hypothesis that the CNS produces movement through the flexible combination of 
muscle synergies, some authors suggest synergies simply reflect the underlying mechanical 
constraints (Kutch et al., 2008; Valero-Cuevas et al., 2009). Regardless of whether muscle synergies 
reflect ‘units of control’ or task constraints, they provide a useful method to study the underlying 
structure of muscle coordination from large EMG data sets (Safavynia et al., 2011). 
The number of muscle synergies can reflect the complexity of motor control (Clark et al., 
2010). In our experiment, five muscle synergies were extracted for each condition. Although the VAF 
by five synergies increased significantly during the two pain conditions, this increase was small (i.e., 
<2.6% of VAF). A synergy is classically considered relevant if its VAF exceeds 3-5% (Cappellini et 
al., 2006; Clark et al., 2010). Consequently, our results suggest that the complexity of motor control 
was not largely affected by experimental acute pain. However, the observation of a small change in 
VAF may be relevant and might imply a somewhat stricter neural control of movement. 
Synergies related to propulsion (synergy #1) and weight acceptance (synergy#5) were mostly 
unaffected by pain. The robustness of these 2 synergies can be explained by the fact that they are the 
major power producer synergies (Allen & Neptune, 2012), and are therefore important to maintain 
walking speed. Both the composition and the activation of synergies related to leg deceleration, trunk 
flexion/extension were more affected by experimental pain (Figure 5.7), and this was more evident 
for some participants. The changes to trunk flexion/extension synergies are likely to be related to the 
changes observed in spine kinematics during both pain conditions. When pain was induced in the 
right lumbar ES muscle, participants may have adopted a protective strategy by avoiding movement 
towards the painful muscle. However, there was no systematic change in trunk muscle activity levels. 
Rather, a high inter-subject variability in both changes in amplitude of trunk muscles activity (Figure 
5.5) and the composition of the synergy related to trunk flexion (synergy #3) was observed. This is 
in-line with previous experiments that have shown that experimental LBP leads to a systematic 
increase in trunk stiffness in a group of healthy participants, but that the pattern of muscle activity to 
achieve this goal involved an individual-specific pattern of adaptation in muscle activity (Hodges et 
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al., 2013). Overall, these trunk flexion/extension synergies are likely to be more adaptable during 
pain with high between-participants variability. The ability to adapt trunk muscle synergies during 
gait was found earlier by Cappellini et al. (2006) who observed that although synergies of lower leg 
muscles were robust between walking and running, synergies related to trunk muscles adapted to 
changing task constraints. 
A basic assumption underpinning our understanding of the adaptation to movement during 
pain, is that the primary aim of altered movement control is to modify the load on painful tissue to 
protect from further pain and/or injury (Hodges & Tucker, 2011; Lund et al., 1991; van Dieën, 
Cholewicki, et al., 2003). Considering the redundancy of the musculoskeletal system, protection of 
the painful muscle (GM) during CalfP could have been achieved by profound changes in the 
propulsion synergy (synergy #1). Instead, composition of this synergy was largely unaltered. 
Furthermore, the amplitude of EMG of the whole triceps surae was reduced, as also partially reflected 
by the reduction of the propulsion synergy coefficient of activation. The absence of systematic and 
selective inhibition of the painful muscle (i.e., medial gastrocnemius) could be explained by the fact 
that modification of muscle synergies would increase the complexity of control of the movement 
(higher cost for CNS as a result of an increase in the number of degrees of freedom to control). This 
is in line with a recent study that showed when force production capacity of one agonist muscles was 
reduced, participants simply increased the recruitment of all agonists, instead of recruiting only the 
non-affected muscles (de Rugy et al., 2012). This suggests the selected pattern of muscle coordination 
is more ‘habitual’ than ‘optimal’ as has been suggested by de Rugy et al. (2012). 
Several alternate explanations for the limited adaptation of the compositions of muscle 
synergies require consideration. First, muscle synergies (composition) might require a longer period 
to adapt than that provided by the transient exposure to noxious input used here. Second, mechanical 
interaction between the triceps surea muscles (Maas & Sandercock, 2008) may limit the benefit of 
selective decrease in GM activity. Third, motor patterns can adapt independently between legs during 
gait (Choi & Bastian, 2007), and the CNS might choose to compensate with the contralateral non-
painful leg rather than modify muscle synergies. Consistent with this proposal, kinematic data suggest 
that the participants adopted a limping strategy (and thus a compensation with the contralateral leg) 
during CalfP. Finally, it is important to consider the results of the present study in regard to the 
controlled speed imposed by the treadmill. Further investigations are necessary to determine whether 
motor adaptations are different during over ground walking. 
Although the synergy related to propulsion (Synergy #1) remained largely unaltered with 
CalfP, the decrease in amplitude of the synergy activation coefficient coincided with decreased stride 
time. With a decrease in stride time (related to stride length during treadmill walking) less power is 
necessary for push off (Winter & Yack, 1987). Although there might be a relation between reduced 
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stride time and reduced activity of the triceps surae muscles during pain, stride time was not 
significantly different from Control during the Washout conditions, but triceps surae activity was still 
reduced in the Washout condition. This limit simple interpretation of the interaction between EMG 
and kinematic changes. Although reduced activity of the entire triceps surae group may achieve the 
goal to reduce stresses within the painful muscle, it would require compensation in muscle activity 
between joints to maintain gait speed in spite of the decrease in stride time (Donelan et al., 2002). 
Moreover, ankle plantarflexion was reduced during CalfP, which could be a strategy to avoid large 
shortening and/or lengthening of the painful muscle. 
Although hypertonic saline was injected into the ES at L3, we did not observe any systematic 
change in amplitude in either the ES (L3), IL or LO across participants. Rather, ES EMG significantly 
decreased during Washout. Although this might be explained by a recent observation of latent intra-
cortical inhibition after cessation of experimental pain (Schabrun et al., 2013), the alternate 
explanation is that this reduction was related to a more global difference in gait strategy (e.g., between 
leg coordination) during the Washout. 
Consistent with recent data (Hodges et al., 2013), substantial changes in EMG amplitude were 
identified for a number of muscles when data are considered for individual participants, but the 
pattern varied between them. Such inter-participant variation could be expected in a highly redundant 
system and is in line with a proposed theory of adaptation to pain (Hodges & Tucker, 2011). 
Interestingly, with LBP many individuals increased activity of OI, OE and LO and could be 
interpreted as a solution to ‘brace’ the trunk. In contrast, with CalfP a common adaptation was a 
decreased activity of the calf muscles. This could potentially highlight that the CNS adopts different 
solutions to ‘protect’ the painful part with consideration of multiple factors and resolves to a different 
solution for different body parts and or function. These theories suggest complex adaptations that 
take into account redundancy, i.e., various solutions and previous experiences to adapt to pain. 
To conclude, synergies related to propulsion (synergy #1) and weight acceptance (synergy 
#5) of the gait cycle were largely unaffected by acute nociceptor stimulation in a muscle that is either 
directly (GM) or indirectly related to gait (ES). In contrast, synergies related to the trunk 
flexion/extension and leg deceleration of gait could be altered with experimental pain in both 
locations, but more so for a subset of individuals. Further investigations are necessary to: i) determine 
whether muscle coordination is affected differently in people with chronic pain and ii) to better 
understand the individual variation as it may explain why some people are more likely to develop 
persistence of a painful condition. 
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Chapter 6 Effects of Noxious Stimulation to the Back 
or Calf Muscles on Gait Stability6 
Part of gait stability is the ability to deal with perturbations that naturally occur during 
walking. Changes in motor control caused by pain could affect this ability. This study investigated 
whether nociceptive stimulation (hypertonic saline injection) in a low back (LBP) or calf (CalfP) 
muscle affects gait stability. Sixteen participants walked on a treadmill at 0.94ms-1 and 1.67ms-1, 
while thorax kinematics were recorded using 3D-motion capture. From 110 strides, stability (local 
divergence exponent, LDE), stride-to-stride variability and root mean squares (RMS) of thorax linear 
velocities were calculated along the three movement axes. At 0.94ms-1, independent of movement 
axes, gait stability was lower (higher LDE) and stride-to-stride variability was higher, during LBP 
and CalfP than no pain. This was more pronounced during CalfP, likely explained by the 
biomechanical function of calf muscles in gait, as supported by greater mediolateral RMS and stance 
time asymmetry than in LBP and no pain. At 1.67ms-1, independent of movement axes, gait stability 
was greater and stride-to-stride variability was smaller with LBP than no pain and CalfP, whereas 
CalfP was not different from no pain. Opposite effects of LBP on gait stability between speeds 
suggests a more protective strategy at the faster speed. Although mediolateral RMS was greater, and 
participants had more asymmetric stance times with CalfP than LBP and no pain, limited effect of 
CalfP at the faster speed could relate to greater kinematic constraints and smaller effects of calf 
muscle activity on propulsion at this speed. In conclusion, pain effects on gait stability depend on 
pain location and walking speed. 
 
6 Adapted from: W. van den Hoorn, F. Hug, P. W. Hodges, S. M. Bruijn, J. H. van Dieën, Effect of Noxious Stimulation 
To The Back Or Calf Muscles On Gait Stability. Journal of Biomechanics 2015, Volume 48, p4109-p4115. 
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6.1 Introduction. 
Stable walking without undue fall risk requires appropriate control to deal with perturbations 
that originate in the external environment and inside the body (Bruijn et al., 2013; Toebes et al., 
2012). As a result of impaired sensorimotor control, reduced gait stability is associated with aging 
(Kang & Dingwell, 2008) and neurological disorders (Ijmker & Lamoth, 2012; Reynard et al., 2014). 
Musculoskeletal pain has been associated with fall risk (Asai et al., 2015; de Zwart et al., 2015; 
Kitayuguchi et al., 2015) and may also impact stability. For example, spinal movement stability was 
lower during pain than no pain (Ross et al., 2015). It is important to address the effects of pain on gait 
stability as musculoskeletal pain increases with age (Hoy et al., 2014; Smith et al., 2014), which 
potentially could increase falls risk (Foley et al., 2006; Leveille et al., 2009). 
 Motor adaptations to pain are thought to protect the painful/injured tissues (Hodges & Tucker, 
2011; Lund et al., 1991; van Dieën, Selen, et al., 2003). Such adaptations are thought to increase joint 
stiffness (Hodges et al., 2013) and could potentially enhance stability. However, increased stiffness 
may coincide with reduced responsiveness. In addition, nociceptive input may impair proprioceptive 
acuity (Brumagne et al., 2000; Lee et al., 2010; Matre et al., 2002) and force regulation (Descarreaux 
et al., 2005; Salomoni et al., 2013) which could reduce stability. The effect of pain on gait stability is 
likely to depend on the region that is painful and, if muscle is painful, on its biomechanical role in 
gait. The calf muscle-tendon unit is thought to be the principal contributor to propulsion/push off, but 
also to contribute to frontal plane movements (Kim & Collins, 2015; Pandy & Andriacchi, 2010). 
Back muscles control trunk orientation by counteracting movements, such as those induced by push-
off and heel-strike. Because of these distinctive biomechanical roles of calf and back muscles, 
nociceptive irritation of these muscles may affect gait stability differently. 
The study aim was to determine the effects of experimental nociceptive stimulation of the calf 
(medial gastrocnemius) or back (lumbar erector spinae) muscles on gait stability. Pain was induced 
by intramuscular injection of hypertonic saline, which activates muscle nociceptors without changing 
muscle properties. Gait stability was assessed with the LDE of thorax movements (Bruijn, van Dieën, 
Meijer, & Beek, 2009a; Dingwell & Cusumano, 2000; Rosenstein et al., 1993), which assesses the 
system’s sensitivity to small perturbations. Because gait stability is affected by speed (Bruijn, van 
Dieën, Meijer, & Beek, 2009a; Dingwell & Marin, 2006), we compared two walking speeds; 0.94ms-
1 and 1.67ms-1. The magnitude and stride-to-stride variability of thorax movements and the temporal 
gait parameters were also assessed. We hypothesized that: i) motor adaptation induced by pain would 
lower gait stability and increase variability; and ii) noxious stimulation of the calf would have greater 
impact on gait stability than of the back muscles because of the more critical role of calf muscles for 
gait. 
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6.2 Methods 
6.2.1 Participants  
Seventeen healthy volunteers (6 females and 11 males; mean ± standard deviation, age: 21 ± 
2 years, weight: 66 ± 11 kg, height: 1.73 ± 0.1 m) were recruited via advertisements on the university 
student website. Participants had no history of back or lower limb pain that limited normal function 
or required them to seek intervention from a heath care professional. Participants provided written 
informed consent. The Institutional Medical Research Ethics Committee approved the study, and 
procedures conformed to the Declaration of Helsinki. One participant fainted during preparation, thus, 
data are reported for 16 participants. 
6.2.2 Experimental setup  
To minimize perturbations induced by the external environment, experiments were conducted 
on a treadmill (BH fitness, Pioneer pro, Spain) at 0.94ms-1 and 1.67ms-1. Reflective markers (14mm) 
were attached to the skin with double-sided tape according to the Vicon Plug-in-Gait marker set. 
Marker positions were recorded using an 8-camera system at 100 samples/s (T040, Vicon Motion 
Systems Ltd. Oxford, UK). The global X-axis was aligned with the participants’ walking direction, 
Y-axis to the left and Z-axis upwards. For a separate study, myoelectric activity of 19 lower leg, upper 
leg and trunk muscles on the right side was recorded (see Study Three, Chapter 5). 
6.2.3 Procedure 
Participants walked barefoot and familiarized with treadmill walking for 1-5 min before the 
start of the experiment. Walking trials were repeated in 5 experimental conditions: control (Control); 
LBP; Washout LBP; CalfP; and Washout CalfP. Each trial included 3 min of walking at 0.94ms-1 and 
at 1.67ms-1. Order of both speed and pain location was balanced. All participants began with the 
Control condition, which was considered the reference for both pain conditions. Participants rested 
in sitting between conditions and speeds for ~5 min. Washout conditions began ~4 min after complete 
resolution of pain. 
6.2.4 Experimental pain 
To induce acute muscle pain, a single bolus (0.7mL, 7% NaCl) of hypertonic saline was 
injected into the right erector spinae muscle adjacent to the L3 spinous process or the middle of the 
muscle belly of the right medial gastrocnemius muscle. Each participant received 4 hypertonic saline 
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injections; one at each walking speed for each location. The pain intensity was reported verbally every 
30 s during the painful conditions on an 11-point numerical rating scale, anchored with “no pain” at 
0 and “worst pain imaginable” at 10. 
6.2.5 Data analysis  
Data analysis was performed in Matlab (The Mathworks, Inc., Natick, MA, USA). For the 
pain trials, the start of the time section was selected after pain intensity was reported above 3/10. The 
number of strides included in the analysis was capped at 110 to ensure that all participants were 
represented by the same number of strides and still had a pain intensity above 2/10 at the end of this 
time section. For the Control and Washout conditions the first 110 strides were analysed. 
6.2.5.1 Temporal gait parameters 
 Heel strikes were determined from the local vertical minima of the heel marker position, and 
toe-off was determined from the local vertical maxima of the heel marker velocity (Pijnappels et al., 
2001). Stride time was the time between consecutive heel strikes of the right leg. Stance time was the 
time between heel strike and the consecutive toe-off on the same side. Swing time was the time 
between toe-off and heel strike on the same side. 
6.2.5.2 Pre-processing of kinematic data 
 Thorax movements along the anterioposterior (AP, X-axis), mediolateral (ML, Y-axis) and 
vertical (VT, Z-axis) axes in relation to the external Vicon reference frame were used to calculate gait 
stability. Data were left unfiltered (Mees & Judd, 1993). Thorax was represented by the average 
positions of the clavicula, sternum, and T10 markers. To avoid non-stationary data, position data were 
differentiated over time to obtain velocity. 
6.2.5.3 Gait stability (local divergence exponents; LDE) 
LDE estimates are biased to number of samples present in time series (Bruijn, van Dieën, 
Meijer, & Beek, 2009a). For example, with fewer samples in the time series due to shorter stride 
times, nearest neighbours tend to be further apart, and consequently initial divergence tends to be 
slower. Therefore, each time series containing 110 strides was time normalized using spline 
interpolation to a fixed number of samples (11690) while retaining between stride variability. 
For each movement direction, a five-dimensional phase space was reconstructed with delay 
embedding of the thorax velocity signals (Webber & Marwan, 2014). The number of dimensions was 
derived from false nearest neighbour analysis (Kennel et al., 1992). The delay for embedding was 
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fixed to 10 samples for each participant, as each stride cycle contained a similar number of samples 
(Bruijn, van Dieën, Meijer, & Beek, 2009a; England & Granata, 2007; van Schooten et al., 2013). 
Divergence curves were calculated according to Rosenstein (Bruijn, van Dieën, Meijer, & Beek, 
2009b; 2009a; Rosenstein et al., 1993). The divergence of nearby trajectories in phase-space was 
expressed by the Euclidian distance between trajectories starting at nearest neighbours. To obtain the 
mean logarithmic divergence rate, the average was calculated across all log-transformed original 
nearest neighbour trajectories. The LDE was then determined as the slope of the linear regression of 
the average logarithmic divergence between 0 – ½ stride cycle (Bruijn, van Dieën, Meijer, & Beek, 
2009a; 2009b; Stenum et al., 2014). 
6.2.5.4 Magnitude and variability of thorax movement  
The magnitude and variability of thorax velocities along the AP, ML and VT axes, were 
assessed by the RMS values and the stride-to-stride variability, respectively. For analysis of the stride-
to-stride variability, data were time normalized to stride cycle duration (from right heel strike to 
following right heel strike) with a 101-point spline interpolation. At each stride cycle percentage, the 
standard deviation over all strides was calculated, then the median of the 101 standard deviations 
quantified the stride-to-stride variability magnitude (SDs). 
6.2.6 Statistical analysis 
Statistical analyses were performed in Stata (v12, StataCorp, College Station, TX, USA). 
Significance level was set at P≤0.05. Repeated measures ANOVA was used to test the effect of pain 
on the outcome measures. For analysis of LDE, RMS and SD, Condition (Control, LBP, Washout 
LBP, CalfP, Washout CalfP), Speed (0.94ms-1 and 1.67ms-1) and Movement axis (AP, ML, VT) were 
entered as within subject factors. For analysis of stride time, Condition and Speed were entered as 
within subject factors. For analysis of stance time and swing time, Condition, Speed and Side (left 
and right) were entered as within subject factors. For analysis of pain level, Pain Location (calf and 
back) and Speed were entered as within subject factors. Post-hoc analyses were applied with 
Bonferroni correction. P-values were capped to 1, if adjusted P-values were larger than 1 (i.e., ‘P=1’). 
In case of a significant main effect of Condition, or any interaction between Condition and another 
variable, each Condition was compared to Control, and LBP and CalfP were compared to each other 
as appropriate. Data and ANOVA residuals were checked visually for normal distribution using QQ 
plots and Shapiro Wilk tests for normality. Data were log-transformed if not normally distributed, 
consequently SDs were log transformed. 
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6.3 Results  
6.3.1 Pain intensity 
During LBP, the average pain intensities were 4.9 ± 1.7 and 4.5 ± 2.1 at 0.94ms-1 and at 
1.67ms-1, respectively. During CalfP, the average pain intensities were 5.4±1.5 and 4.8±1.9 at 
0.94ms-1 and at 1.67ms-1, respectively. Pain intensity was not significantly different between 
locations (F=2.00, P=0.18), but was lower at 1.67ms-1 than at 0.94ms-1 (F=4.49, P=0.05). Pain was 
restricted to the area around the site of hypertonic saline injection. 
6.3.2 Temporal gait parameters 
6.3.2.1 Low Back Pain 
Stride time was shorter during LBP than Control at 0.94ms-1, but not at 1.67ms-1 (See Table 
6.1 for F-statistics and corresponding P-values, Figure 6.1). Independent of speed, stance time of 
both legs was shorter during LBP than Control. Swing time of the left, but not right leg was shorter 
during LBP than Control. Stance and swing time were not significantly different between left and 
right legs during LBP. 
During Washout LBP, stance time of both legs was not significantly different from Control, 
but swing time duration of both legs was longer than Control. 
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Table 6.1. Results of repeated measures ANOVA of Temporal gait parameters 
  Condition Speed Condition × Speed Side Condition × Side  
variable F-value P-value F-value P-value F-value P-value F-value P-value F-value P-value   
Stride time 11.07 <0.001 426.06 <0.001 4.03 0.01 . . . .  
Stance time 9.26 <0.001 453.17 <0.001 6.03 <0.0001 0.16 0.69 7.70 <0.0001  
Swing time 11.22 <0.001 236.57 <0.001 1.86 0.13 0.17 0.69 7.78 <0.0001   
 
           
Condition × Speed post-hoc Condition × Side post-hoc 
  Speed 1 (0.94 ms-1)   Right Leg 
  Control vs. 
LBP vs. CalfP 
  Control vs. LBP vs. 
CalfP variable LBP wo LBP CalfP wo Calfp variable LBP wo LBP CalfP wo Calfp 
Stride Time <0.001 0.46 <0.001 0.26 1 Stance time <0.0001 1 <0.001 0.44 <0.001 
        Swing time 1 <0.001 1 0.01 1 
  Speed 2 (1.67 ms-1)        
 Control vs. LBP vs. CalfP 
  Left Leg 
 LBP wo LBP CalfP wo Calfp   Control vs. LBP vs. 
CalfP Stride Time 0.82 1 0.001 1 0.24   LBP wo LBP CalfP wo Calfp 
      Stance time <0.0001 0.71 <0.001 0.07 1 
      Swing time <0.0001 0.01 <0.001 0.06 <0.001 
             
        Right leg vs. left leg 
        Control LBP wo LBP CalfP wo Calfp 
      Stance time 0.01 1 0.07 <0.001 0.07 
      Swing time 0.01 1 0.07 <0.001 0.07 
The F-statistics and corresponding P-values of temporal gait parameters and post-hoc tests with Bonferroni correction are reported for low back pain (LBP), washout (wo) LBP, calf 
pain (CalfP) and wo CalfP. Note that no post-hoc was performed on the significant Condition × Speed interaction of both stance- and swing time as these interactions are linked to the 
significant Condition × Speed interaction of stride time. The Condition × Speed × Side of stance- and swing time were not significant (F<1.84, P>0.13) and is therefore not reported 
this table. Significant P-values (P<0.05) are highlighted in bold. 
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Figure 6.1. Temporal gait parameters results. Stride, stance and swing time are shown for Control, low back pain (LBP), 
washout (Wo) LBP, calf pain (CalfP) and Wo CalfP. * - significant (P<0.05) differences from control; # - significant 
differences between left and right leg; ⱡ - significant differences between LBP and CalfP. Note that the asymmetrical 
change in stance time (decreased on painful leg) suggests limping with CalfP. Mean ± SEM are shown. 
6.3.2.2 Calf Pain 
Stride time was shorter during CalfP than Control at both speeds (Figure 6.1) and was not 
significantly different from Control during Washout CalfP. Left and right leg (painful leg) stance time 
and swing time of the left but not right leg was significantly shorter during CalfP than Control. During 
CalfP, right leg stance time was shorter and swing time was longer than the left leg. Together, these 
findings can be interpreted as ‘limping’ during CalfP. 
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During Washout CalfP, stance time was not significantly different from Control of either leg, 
but right leg swing time was longer. During Control, right leg stance time was longer and right leg 
swing time was shorter than the left leg. The use of the right leg for recording of muscle activity may 
have contributed to this observation and may imply that we underestimated the effect of CalfP on this 
parameter. 
6.3.3 Thorax movement  
6.3.3.1 Local Divergence Exponent (LDE) 
6.3.3.1.1 Low Back Pain 
During LBP, independent of movement axes, gait stability was lower (LDEs were higher) than 
Control when participants walked at 0.94ms-1, and LDEs were similar to Control values during 
Washout LBP (see Table 6.2 for F-statistics and corresponding P-values, Figure 6.2). In contrast, at 
1.67ms-1 gait stability was higher (LDEs were lower) during both LBP and Washout LBP than 
Control.
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Table 6.2. Results of repeated measures ANOVA of thorax movements 
  Condition Speed Axis Condition × Speed Condition × axis   
variable F-value P-value F-value P-value F-value P-value F-value P-value F-value P-value   
LDE 3.20 0.02 15.21 0.001 31.26 <0.001 4.55 0.003 1.53 0.15  
RMS 5.18 0.001 163.14 <0.001 67.42 <0.001 3.53 0.01 6.57 <0.001  
SDs 2.15 0.09 167.00 <0.001 2.82 0.08 2.50 0.05 1.71 0.10   
Condition × Speed post-hoc Condition × Axis post-hoc 
  Speed 1 (0.94 ms-1)   AP movement axis 
  Control vs. 
LBP vs. CalfP 
  Control vs. LBP vs. 
CalfP variable LBP wo LBP CalfP wo Calfp variable LBP wo LBP CalfP wo Calfp 
LDE 0.04 0.74 <0.001 0.36 0.01 RMS 1 0.29 1 0.003 0.32 
SDs <0.001 1 <0.001 0.24 <0.001        
         ML movement axis 
  Speed 2 (1.67 ms-1)   Control vs. LBP vs. 
CalfP 
 Control vs. LBP vs. CalfP 
RMS LBP wo LBP CalfP wo Calfp 
 LBP wo LBP CalfP wo Calfp   1 1 <0.001 1 0.04 
LDE 0.001 0.001 1 0.09 <0.001        
SDs 0.02 <0.001 1 0.02 0.002   VT movement axis 
      
 Control vs.   
 
 
    
RMS LBP wo LBP CalfP wo Calfp LBP vs. CalfP 
 
 
      1 <0.001 1 <0.001 0.40 
The F-statistics and corresponding P-values of Local Divergence Exponent (LDE), Root Mean Square (RMS) and magnitude of the stride-to-stride variability (SDs) from thorax 
movements (velocity) are reported for the anteroposterior (AP), mediolateral (ML) and vertical (VT) axes and post-hocs with Bonferroni correction for low back pain (LBP), washout 
(wo) LBP, calf pain (CalfP) and wo CalfP. Note that no post-hoc was performed on the significant RMS Condition × Speed interaction as the effect of the Condition × Axis interaction 
was greater. The Condition × Speed × Axis was not significant in any of the thorax movement measures (F<1.76, P>0.09) and is therefore not reported this table. Significant P-values 
(P<0.05) are highlighted in bold. 
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Figure 6.2. Gait stability results. The local divergence exponent (LDE) of thorax velocity along the anterioposterior (AP, 
blue), mediolateral (ML, red) and vertical (VT, yellow) axes are shown for Control, low back pain (LBP), washout (wo) 
LBP, calf pain (CalfP) and wo CalfP. All differences were independent of movement axis which is highlighted by the 
dashed boxes. * - significant differences (P<0.05) from Control; # - significant differences between LBP and CalfP. Mean 
± SEM are shown. 
6.3.3.1.2 Calf Pain 
With CalfP, gait stability was lower (LDEs were higher) than Control at 0.94ms-1 (Figure 6.2), 
but CalfP did not affect LDE significantly when participants walked at 1.67ms-1. At both speeds, 
LDEs were not significantly different from Control during Washout CalfP. Gait stability was lower 
(LDEs were higher) with CalfP than LBP at both walking speeds. 
6.3.3.2 Magnitude and variability 
6.3.3.2.1 Low Back Pain 
LBP did not significantly affect thorax RMS along any of the axes (Table 6.2, Figure 6.3). 
However, RMS along the VT axis was higher during Washout LBP than during Control.  
Along all axes at 0.94ms-1, SDs were greater during LBP than Control (Table 6.2, Figure 6.3), and 
were not significantly different from Control during Washout LBP at this speed. In contrast, at 
1.67ms-1 SDs were lower than Control during both LBP and Washout LBP. 
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Figure 6.3. Thorax variability and magnitude results. The stride-to-stride variability (SD) and root mean square (RMS) 
of thorax velocity along the anterioposterior (AP, blue), mediolateral (ML, red) and vertical (VT, yellow) axes are shown 
for Control, low back pain (LBP), washout (Wo) LBP, calf pain (CalfP) and Wo CalfP. For SD: the results were 
independent of movement axis, which is highlighted by the dashed boxes. * - significant (P<0.05) differences from 
Control; # - significant difference between LBP and CalfP. For RMS: the results were dependent on movement axis: * - 
significant differences from Control; # - significant difference between LBP and CalfP (colour of * and # show the 
difference for the respective axis). Mean ± SEM are shown. 
6.3.3.2.2 Calf Pain 
With CalfP, independent of Speed, thorax RMS along the ML axis was larger than Control 
(Table 6.2, Figure 6.3), but was not significantly different from Control during Washout CalfP. RMS 
along AP and VT axes was not affected by CalfP. However, during Washout CalfP, RMS along both 
of these axes was larger than Control. RMS along the ML axis was larger with CalfP than LBP. RMS 
along the AP and VT axes were not significantly different between the pain conditions. 
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Along all axes, SDs were also larger during CalfP at 0.94ms-1 than Control and were not 
significantly different from Control during Washout CalfP. At 1.67ms-1, SDs were not affected 
significantly by CalfP, but they were smaller during Washout CalfP than Control at this speed. 
Overall, SDs were larger during CalfP than LBP at both speeds. 
6.4 Discussion  
Partially consistent with our first hypothesis, the results of this study show that nociceptive 
irritation of a calf or back muscle reduces gait stability at low walking speed. Consistent with the 
second hypothesis, the results show that the effects of pain on gait stability are larger for calf pain 
than LBP. Somewhat unexpectedly, these effects were not found at high walking speed, and for LBP 
even reversed. These differences might be explained by different objectives of motor adaptation with 
different tasks and differences in biomechanics. 
6.4.1 Why does pain affect gait stability? 
Broadly, changes in movement during pain have been considered to reflect either adaptations 
that serve to protect the painful tissue or arise from negative consequences secondary to the 
nociceptive stimulation. In both cases, the expression of adaptation is likely to be moulded by pain 
intensity, past experiences, perceived threat, pain beliefs, context and task constraints (Hodges & 
Tucker, 2011; Moseley & Arntz, 2007). In the case of the former, it is assumed that adaptations will 
modify load on the painful structure (e.g., limit movement amplitude, or contraction intensity). In the 
case of the latter, mechanisms at multiple nervous system levels enable pain to interfere with motor 
function, including the effects of nociceptor activation on motoneurons (Iggo, 1961; Paintal, 1960) 
and effects at the motor cortex (Martin et al., 2008; Tsao et al., 2008). Changes in gait stability 
observed in the present study can be interpreted with respect to these different processes. This 
interpretation is not straightforward and depends on the location of pain (injected muscle) and gait 
speed. 
6.4.2 Effect of LBP on gait stability. 
LBP changed gait stability at both walking speeds, but the effect was opposite for each. The 
difference between speeds might be explained by different values placed on the pain in each context. 
For instance, at the faster speed, where forces and muscle activation are greater, and the potential 
consequence of perturbations is also greater, pain may lead the nervous system to optimised control 
of gait stability. At the slower speed where the potential consequence of perturbation is less, pain may 
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be less important and induce less adaptation of control. This hypothesis is supported by the 
observation of greater variability at the slower speed, but lesser variability at the faster speed during 
LBP. Lower thorax variability during LBP at the faster speed might reflect a protective neuromuscular 
control strategy with the objective to enhance attenuation of perturbations between the pelvis and 
thorax, as reflected by the greater gait stability, potentially as a result of enhanced trunk stiffness. 
Ross et al. (2015) did observe a positive relation between trunk stiffness and stability (LDE) of spinal 
movements during a flexion-extension task, however on average trunk stability decreased with pain 
in this study. Increased gait stability with LBP at the faster speed could lead to more predictable trunk 
movements. This might be necessary to compensate for the potential of altered proprioception due to 
pain (Matre et al., 2002), and/or less effective corrective strategies (Mok et al., 2007). Although 
increased stiffness may be successful for control of small amplitude perturbations experienced in the 
predictable task of treadmill walking as tested here, it may limit the potential for control and recovery 
from larger perturbations (Mok & Hodges, 2013). 
6.4.3 Effect of calf pain on gait stability 
In line with our hypothesis, CalfP reduced gait stability at the slower speed. Further, at the 
slower speed CalfP affected gait stability more than LBP. Adaptations to pain depend on the muscle 
that is the source of nociceptive input (Chapter 5). Because of the critical role they play in gait, any 
adaptation to calf muscle function is likely to have a greater effect on gait features, such as gait 
stability, than changes to back muscles. In addition to their primary role in propulsion, calf muscle 
activity is a key determinant of walking speed, vertical support (Anderson & Pandy, 2003; Ellis et 
al., 2014) and mediolateral balance (Kim & Collins, 2015). Any adaptation, even subtle adaptation, 
could impact the overall gait pattern. This is demonstrated by the distinct ‘limping’ during calf pain 
(e.g., asymmetrical change in stance time; decreased on painful leg), greater thorax RMS along ML 
axis and stride-to-stride thorax variability along all axes than both Control and LBP at this speed. 
At the slow speed, gait adaptations during CalfP are consistent with a protective solution to 
decrease tension in the calf muscle. Calf muscles contribute to swing initiation (Neptune et al., 2001), 
and reduced activity would explain the changes we observed. Although, these changes would disrupt 
gait, these could, to some extent be compensated by altered motion between the pelvis and thorax. 
For instance, data from Study Three (Chapter 5) showed greater hip flexor muscle activity and greater 
flexion-extension ROM between the pelvis and thorax in association with reduced calf muscle activity 
and limping. Although such changes may retain overall task objective, our data suggest that these 
adaptations reduced gait stability. 
Contrary to our hypothesis, CalfP did not affect gait stability at the faster speed. Although 
thorax velocity along ML was greater during CalfP and features consistent with limping were 
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observed, thorax variability and stability were not affected. This implies that a different adaptation 
was adopted at the faster speed. Consistent with earlier arguments, this could be explained by the 
tighter constraint of walking at this speed, secondary to the greater potential for task failure from even 
minor disturbances. Other data support the tighter constraint of gait at faster speeds. For instance, 
inter-limb coordination improves with speed and has been related to improved ability to recover after 
perturbations (Krasovsky et al., 2014). Perturbations assessed in our study are small naturally 
occurring disturbances and are distinctly different from the large trip-inducing perturbation used by 
Krasovsky et al. (2014), therefore direct comparison is difficult. Although we imply enhanced active 
control of perturbations, simple mechanics could also explain the results. For instance, the greater 
momentum of the faster moving limbs could improve attenuation of perturbations, and the greater 
relative contribution of the force generated by the release of the stored energy in the muscle-tendon 
complex (passive recoil) at faster walking speeds (Hof et al., 1983; Lai et al., 2015; Lichtwark & 
Wilson, 2007) could lead to a reduced sensitivity of gait kinematics to changes in calf muscle 
activation. Taken together, greater demand for tighter control of gait and the beneficial effect of 
changed mechanics at faster speeds could explain why CalfP did not have major impact on gait 
stability. 
6.4.4 Implications 
Reduced gait stability at lower speeds with experimental pain could have implications for 
older people at high risk of falls. Musculoskeletal pain in this population has been linked to falls (Asai 
et al., 2015; de Zwart et al., 2015; Kitayuguchi et al., 2015), and the results of the present study imply 
this might, at least in part, be explained by the negative effect that musculoskeletal pain has on gait 
stability. Although the average age of participants in the current study was young and pain was 
induced experimentally, it allowed examination of the effect of pain in isolation. Many factors could 
contribute to reduced gait stability in the elderly and musculoskeletal pain might be one of these 
factors. Future investigations are needed to investigate the potential relationship between muscle pain, 
gait stability and falls risk in older people. 
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Chapter 7 Discussion 
The overall aim of this thesis was to explore changes in movement that are associated with ageing 
and musculoskeletal pain. This was achieved by using multiple non-linear methods to study the 
dynamical nature of standing and walking postural control, that were chosen specifically due to the 
nature of the signal being investigated in each study. 
To investigate the dynamical nature of standing balance, the motor control system was perturbed 
by changing the sensory context (eyes open-closed, foam/firm surface; Study One, Chapter 3) or 
altering the input of the somatosensory system (using muscle vibration; Study Two, Chapter 4) in an 
elderly group (who were subsequently followed for 12 months to track falls) and a younger group. 
To investigate dynamical nature of walking, the motor control system was perturbed using 
experimental muscle pain in a young group (Studies Three and Four, Chapter 5 and Chapter 6). 
7.1 Summary of main findings, implications and future directions 
7.1.1 The dynamical nature of standing balance: Important outcomes regarding ageing and 
falling 
Study One (Chapter 3) investigated postural control in elderly individuals who subsequently 
did or did not reported falls during the 12 months after initial balance assessment, and in a group of 
young individuals. Postural sway (CoP) was assessed using the following non-linear measures: RQA, 
DFA, and MSE, in combination with analysis of intermittent control of inverted pendulum model. 
These methods assess different aspects of postural sway regularity, and by combining these methods 
a comprehensive assessment of postural control was achieved. All non-linear measures showed that 
the postural sway of the young individuals was more regular than the postural sway of the elderly. 
This was particularly so during the more balance conditions with greater sensory challenge. The 
intermittent control of inverted pendulum model was used to explain observed differences between 
young and elderly individuals. 
The interpretation of findings is somewhat controversial because they contradict the standard 
interpretation of regularity of CoP motion. Lower MSE values are normally considered less complex 
in the context of the reduced complexity with ageing and disease hypothesis (Goldberger & West, 
1987; Goldberger et al., 2002; Zhou et al., 2017), but this was observed for CoP motion in the healthy 
young group. In addition, several studies that have used RQA (Bernard et al., 2015; Ramdani et al., 
2013; Negahban et al., 2010) have interpreted greater regularity as less robust postural performance, 
because more regular CoP motion was observed in individuals with musculoskeletal issues. Our 
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combination of methods revealed an explanation for the paradoxical finding of greater regularity in 
young than elderly. When considering CoP motion according to the inverted pendulum model greater 
regularity can be linked with a different strategy for control of posture that exhibited fewer episodes 
of ‘throwing’ and ‘catching’ with CoP motion between postural corrections that reflected inverted 
pendulum like CoM motion. This motion is regular by nature. 
The stability goal of the balance control system is not a single posture that reflects perfect 
equilibrium (i.e., asymptotic stability). A perfect equilibrium would require continuous co-activation 
of postural muscles to generate sufficient stiffness to continuously attract to this equilibrium. 
Observations of postural activity from other studies (Loram & Lakie, 2002b; Vieira et al., 2012) 
suggest an alternative control of upright posture. The alternative control of posture could be linked 
with a weaker form of bounded stability. In contrast to asymptotic stability, bounded stability reflects 
a larger range of postures that are close to the perfect upright equilibrium, that are sufficient to 
consider ‘stable’ (Bottaro et al., 2008). This type of stability can be controlled using intermittent 
bursts of postural activity (Loram & Lakie, 2002b; Vieira et al., 2012). Upright posture is allowed to 
sway about the upright equilibrium but is actively controlled at certain sway velocity thresholds. Sway 
about or close to upright equilibrium could explain the regular nature of CoP motion because it closely 
reflects motion of an inverted pendulum. The intermittent control of inverted pendulum model 
allowed for a different perspective of posture by extracting information from CoP motion linked with 
active control and underlying regularity of postural sway. 
Regularity in CoP motion could be linked with appropriated generation of muscle torques to 
control posture. Better postural control in young than elderly individuals is suggested by findings 
from the intermittent control of inverted pendulum model and non-linear measures. Findings from 
the inverted pendulum model suggested, compared to elderly individuals, higher gain values and 
fewer number of ballistic corrections (‘throwing’ and ‘catching’) this was combined with the 
observation RQA analysis of longer periods of stationary CoP motion in young. It is likely that this 
can only be achieved with good postural control in which generated postural torque is closely matched 
to the requirements resulting in appropriate postural performance. These interpretations are supported 
by other variables extracted from the intermittent control model; CoM was moving faster when 
postural control was applied in elderly than young. This finding suggests that sensing the stability 
boundary was more problematic in elderly than in young. 
 Some differences in Study One were observed between fallers and non-fallers. Fallers were 
less regular, or more random, when their balance was relatively unchallenged (i.e., when standing on 
the firm surface, irrespective of eyes open or closed). More random CoP motion observed in fallers 
than non-fallers could be linked with the lesser ability to control upright posture which resulted in 
more random CoP dynamics. No differences were observed between fallers and non-fallers when 
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using MSE measure, which contrasts findings of Zhou et al. (2017) of lower MSE values (i.e., more 
regular or less complex) of postural sway in fallers than non-fallers. The reason for this difference is 
not clear and cannot be extracted from the description of that study. Although speculative, there are 
two possible reasons. First, that study does not describe the specific algorithm that was used, and the 
outcome may be sensitive to the method (see Section 7.2.1, below). Second, MSE is very sensitive to 
outliers as this can dramatically change the threshold, if this is larger, the resultant entropy will be 
more regular. Unfortunately, this is not possible to determine whether either of these issues explain 
the difference in observations. Further, fallers and non-fallers were not affected differently by eye 
closure. However, from firm to foam, fallers increased sway amplitude more than non-fallers in 
addition to greater CoM velocity during intermittent control. This observation provides evidence that 
fallers were less able to use other sensory information to guide balance control when ankle 
somatosensory information is less reliable during standing on foam and that increased sway did not 
produce enough sensory information to compensate. 
Study Two (Chapter 4) investigated postural control (in the absence of vision) in a subgroup of 
elderly individuals from Study One, and in young individuals in response to low amplitude calf 
muscle vibration. Muscle vibration stimulates local sensory afferents/receptors and affects sense of 
upright when applied in stance by rapidly changing or perturbing part of the somatosensory 
information causing balance unsteadiness by addition and removal of the vibratory stimulus. The 
mean effect of vibration (i.e., the mean amount of postural change due to vibration) was not different 
between fallers, non-fallers and young individuals. This observation suggests that calf proprioception 
and/or weighting assigned by the nervous system to calf proprioception was similar between groups. 
Overall, compared to the elderly, CoP motion of young was more predictable/ regular and persistent, 
similar to the findings of Study One. After removal of vibration, fallers exhibited more random CoP 
motion than non-fallers. More random CoP motion could result from a reduced ability to actively 
control balance after the vibration perturbation. Re-weighting of sensory information after cessation 
of vibration is likely to be required (Brumagne et al., 1998), thus, findings could suggest that lesser 
control of upright posture is due to a reduced ability to dynamically reweight in fallers than non-
fallers. These results show that non-linear measures of balance provide evidence for deficits in 
balance control in people who go on to fall in the following 12 months. 
7.1.2 The dynamical nature of standing balance: Implications for understanding postural 
control and falling, and future directions 
CoP is an output of the postural control system and can be assessed using many different 
methods. By combining several analysis methods of postural control, a unique view was gained by 
the studies presented in this thesis. Each measure quantifies different aspects of postural sway. In 
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most balance studies linear amplitude-related measures are used, but these do not always provide 
meaningful results, as quality of performance of postural sway is not always linked with sway 
amplitude (Piirtola & Era, 2006). A finding from Studies One and Two is that integration of outcomes 
from multiple measures provided a more comprehensive view on postural control. For example, 
although the MSE method measures regularity, the interpretation of this regularity requires evaluation 
with other methods, such as the RQA, DFA and intermittent control of inverted pendulum, as used 
here. By combining methods more information could be gained of postural control. 
Combined use of non-linear measures could aid risk assessment of future falls. The focus of 
Studies One and Two was to explore underlying mechanisms that could explain differences between 
fallers and non-fallers using non-linear measures. Statistical analyses suitable to establish this goal 
were used, however, these are not suitable to establish relative risk of falls for each individual. Further 
investigation is required to determine if observed differences between fallers and non-fallers in 
Studies One and Two are independently predictive of future falls when used alone or when added to 
existing falls risk assessment tools, such as the PPA (Lord et al., 2003). These analyses could also 
determine whether certain non-linear measures or combinations are better suited for falls prediction than 
others. 
On average, fallers exhibited more random postural sway than non-fallers. However, other types 
of variability might also reflect balance control issues. The theory of optimal movement variability 
(Stergiou & Decker, 2011) and the hypothesis of reduced complexity with ageing and disease (Lipsitz & 
Goldberger, 1992) suggest that movement variability at the extremes of either ‘irregular’ or ‘regular’ can 
be interpreted to reflect compromised physiological function or maladaptive movement strategies. Current 
statistical analyses focussed on mean effect of groups, thereby ignoring individual balance characteristics. 
Applied statistics also assume linear effects between balance performance and regular nature of CoP 
motion as opposed to the theory of optimal movement variability (Stergiou & Decker, 2011). Furthermore, 
statistics that assess falls risk to predict falls such as multiple logistic regression also utilise mean group 
effects to extract individual probability of falling. These statistics are not suitable to investigate whether 
different variability signatures could be linked with future falls. In other words, statistics used in Studies 
One and Two and potential statistics such as logistic regression use group averages. Combining outcomes 
from non-linear methods can provide the information to further investigate if different extremes (i.e., 
irregular / regular) of CoP variability is related to falls risk. Results from several non-linear analysis 
methods in combination with statistical clustering techniques could identify individual postural variability 
signatures. It could then be determined whether these different variability signature types are linked with 
future falls. This type of analysis will also provide further information whether fallers could exhibit 
regular sway as observed by Zhou et al. (Zhou et al., 2017), both regular and random could be linked with 
falls risk. 
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Some of the postural sway analysis methods used here could be used to quantify progress of 
postural control training during rehabilitation programs. For example, measures that reflect active postural 
control (RQA: %LAM, TT; Intermittent control: Gain) could inform whether targeted training of postural 
muscles (such as rehabilitation that targets muscle strength / power) improves balance control or whether 
additional motor training approaches are required to train use of enhanced muscle capacity. Methods could 
also assess whether rehabilitation changes sway regularity, informing about overall balance control. Non-
linear analysis methods could also be utilised to inform about mechanisms that underpin changes in 
postural control during rehabilitation. For example, randomised clinical trials that test different 
methods to improve balance control could use non-linear measures of sway using balance assessments 
at several time points during the rehabilitation program. Statistical methods such as mediation 
analysis could then infer about mechanisms (e.g., measures that relate to how balance is controlled 
and resulting sway regularity) that underlie the different rehabilitation schemes and thereby further 
informing about underlying mechanisms underpinning rehabilitation programs. 
Some of the findings of Studies One and Two suggest that the ability to accurately generate 
force using postural muscles is affected in elderly individuals and this was more evident in fallers 
than non-fallers in some balance conditions. CoP motion reflects both the movements of the CoM 
and moments that are generated by active postural control. The more random and less predictable 
CoP motion in standing quietly (Study One) and after cessation of calf vibration (Study Two) might 
partly reflect less regular timing and precise torque production of postural muscles to control posture 
as CoP motion also reflects postural torques (Oomen & van Dieën, 2017; Perry et al., 2007). There 
are some findings that support this interpretation. The lower gain and the higher percentage of ballistic 
activations from postural muscles in the elderly compared to young individuals provide evidence that 
sway in elderly is less regular due to lesser ability to produce appropriate torques for the control of 
posture (Study One). Notably, fallers exhibited more issues controlling postural torque than non-
fallers when standing on foam with eyes open (Study One). To confirm these interpretations, further 
research that more directly quantifies postural muscle strength and activity (e.g., using 
electromyography) during upright stance in elderly individuals is required. 
Findings of Studies One and Two suggest that ageing affects the dynamic processing of 
sensory information and that this differs between fallers and non-fallers. The reweighting of sensory 
information from an unreliable to more reliable sensory systems involves central processing. With 
eyes open, fallers’ CoM velocity increased more than non-fallers when they stood on foam rather 
than a firm surface (Study One), and CoP motion was more random after cessation of the calf vibratory 
stimulus (Study Two). These findings suggest that differences between fallers and non-fallers are 
more likely to be explained by a reduced ability to dynamically reweight sensory information. This 
is supported by the observation that the mean CoP displacement during vibration of calf muscles was 
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not different between the groups. Mean displacement of CoP in response to vibration is argued to 
reflect the sensory weighting assigned by the CNS of the vibrated postural muscle (Brumagne et al., 
1999). However, other factors such as age-related changes in the vestibular system might also 
contribute (Menant et al., 2012) as discussed in Study Two, and this should be directly assessed in 
future studies. In addition, affected acuity from other sensory sources such as leg, lower back and 
neck muscles (Brumagne et al., 1999), and pressure sensors in the sole of the feet (Lord et al., 2003) 
could also explain observed differences between fallers and non-fallers in some balance conditions. 
Whether performance of other sensory sources underlie observed differences between young and 
elderly and between fallers and non-fallers requires further investigation. Information of 
proprioceptive acuity collected as part of the PPA (Lord et al., 2003) in addition to postural sway 
responses to vibration of the lower back or neck muscles could provide additional information 
whether other sensory sources are affected differently between fallers and non-fallers. Some evidence 
suggests that impaired tactile acuity or proprioception is linked with balance performance (Judge et 
al., 1995; Melzer, 2004). 
7.1.3 The dynamical nature of walking balance: Important outcomes regarding nociceptive 
input and pain.  
Study Three (Chapter 5) investigated the effect of acute nociceptive input and pain in the 
muscles of the calf or lower back on the general organisation of muscle coordination (using muscle 
synergy analysis) and muscle activation amplitude during walking in young individuals. The 
extracted synergies reflect different biomechanical functions in relation to walking. It was predicted 
that some reflect biomechanical functions that are important to maintain walking speed and would be 
challenging to modify in response to pain, whereas others were less important for this component of 
gait and could be more adapted without affecting the overall organisation of walking. Across all 
participants, synergies that reflect important biomechanical function to walking exhibited minimal 
changes, whereas synergies that reflect less important biomechanical functions were altered in 
response to the painful stimulus. For example, synergies related to trunk control showed most changes 
in response to muscle pain. These changes, however, were variable between individuals. Several 
individuals exhibited some changes in the organisation of the muscle coordination to experimental 
pain, but the changes were similar between pain locations. Other individuals exhibited only minor 
changes in muscle coordination. Individual adaptations to pain highlight that different options are 
available in a relatively redundant pelvis-thorax movement system. Although the calf muscle is 
important for walking propulsion, and overall synergistic organisation was not affected, there was a 
reduction in amplitude of calf muscle activity during pain. This highlights that amplitude of muscle 
activity can be reduced without affecting the overall organisation of muscle coordination, and this 
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could be interpreted as a protective mechanism. To maintain gait in association with this adaptation, 
stride length was reduced and there was a compensatory increase in hip flexor muscle activity to 
ensure forward limb motion during walking. 
Study Four (Chapter 6), investigated the effect of acute muscle pain on walking stability. This 
study also included an additional faster walking speed compared to Study Three. Study Three was 
limited to 0.94 ms-1 because muscle synergy analysis is affected by the number of muscles included 
in the synergy analysis and maintenance of high quality recordings was more challenging at faster 
speeds. The within subject design required the same muscles to be included in the synergy analysis 
to enable comparison between walking conditions. Inclusion of the faster speed would have resulted 
in exclusion of more muscles in the synergy analysis due to issues in consistency of quality in muscle 
activity across the walking conditions thereby affecting synergy analysis. 
When walking at 0.94 ms-1, acute pain in either the calf or lower back muscles negatively 
affected walking stability. At the slower walking speed, stability was more affected when pain was 
induced in the calf muscle than lower back muscle. This suggests that nociceptive input from a muscle 
that is biomechanically more important for gait has a greater effect on overall stability of walking. 
However, when walking at 1.67 ms-1, different and opposite findings were observed compared to 
walking at 0.94 ms-1 when pain was induced by injection of hypertonic saline into the lower back or 
calf muscles. In this case walking stability was not affected when the calf muscle was painful, whereas 
walking became more stable when the lower back muscle was the source of nociceptive input 
compared to walking without pain. Different findings between speeds suggest different adaptation 
strategies that depend on biomechanical constraints of walking and might be related to perceived 
threat level caused by the painful stimulus. For example, calf pain might have less effect on walking 
stability due to inertia of the faster motion of segments and greater passive recoil contribution of the 
calf muscle at faster walking speeds. Low back pain at faster walking speeds might be perceived as 
more threatening. At this speed, motor control adaptations that resulted in a more stable walking could 
be viewed as a protective mechanism. Whether perceived threat level is linked with stability of 
walking requires further investigation as threat level was not measured during the experiment. 
7.1.4 The dynamical nature of walking balance: Implications for understanding postural 
control and pain, and future directions 
Observed pain adaptations to experimental noxious input in different muscles could reflect the 
ability of the local ‘system’ to adapt without having major impact on the overall walking performance. 
Knee / ankle joint during walking allows few options to change behaviour (without affecting overall 
walking performance) compared to the options that are available to the trunk ‘system’ (Hodges et al., 
2013). The trunk system is far more redundant than the ankle / knee system as a result of the multiple 
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articulations and many muscle fascicles. In addition, alterations of trunk muscle activation would 
likely have minimal impact on walking performance. Despite the importance of calf muscles for 
walking, 70% of participants did reduce their mean muscle activity during pain. This was achieved, 
not through local changes or a change in the synergistic organisation of muscle activation, but through 
an overall change of the gait pattern that maintained the synergistic organisation of the muscle activity 
used for push off. This overall change was characterised by decreased stride length and some features 
of ‘limping’ (e.g., asymmetrical stance time) were observed while maintaining the overall gait 
kinematics. Adaptations to noxious input from the back muscle was more variable between 
participants and showed either increase or decrease of trunk muscle activity level. Variability in 
adaptations in trunk muscles to a painful stimulus was interpreted to reflect the redundant nature of 
the trunk system. Changes in trunk muscles were linked with some changes in the underlying 
synergistic control. These changes were individual-specific. Findings show that pain adaptations 
depend on the function and available options to adapt with consideration of the overall impact on 
walking performance. This is in line with the pain adaptation theory proposed by Hodges and Tucker 
(Hodges & Tucker, 2011); there are no hard rules for the adaptation to pain, different rules appear to 
apply to different contexts and can be different between individuals. 
It is important to mention some other factors might explain the changes in muscle synergies and 
kinematics with pain. Overall because of the very low amplitude of activation during walking, the 
quality of the trunk flexor muscle EMG was not considered sufficiently high in some participants to 
be included in the synergy analysis. Different number of muscles included in the muscle synergy 
analysis between participants, mostly due to exclusion of abdominal muscles partly explains the large 
between subject variability of muscle synergy that reflect trunk function. However, the within subject 
nature of the study allowed assessment of individual changes / adaptations to pain. This analysis 
showed that the muscle synergies related to trunk control were affected more substantially by pain 
than were the synergies related to lower limb function. 
Experimental muscle pain also affected movements of the upper thorax, a more macro level 
output of motor control, and could be linked with some of the findings related to synergy analysis. 
The overall variance of all muscle activities that could be accounted for by 5 muscle synergies was 
higher during the acute pain conditions. This adaptation could have some costs and benefits. The 
benefit is that this adaptation to pain resulted in simpler / tighter control of the recorded muscles 
perhaps reflective of a protective strategy. As this adaptation suggests a less complex organisation of 
muscle activations during walking with pain compared to walking without pain. The cost would be 
that although movements are ‘controlled’ more, this adaptation could affect the finesse or fine tuning 
of the movements (Mok et al., 2007). This might explain that local stability decreased (when walking 
at 0.94 ms-1, same speed at which synergy analysis was performed) during pain than the control 
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condition. Decreased stability of upper body movements reflects movements that are less predictable. 
Overall ‘tighter’ organisation of the recorded muscles might not be appropriate adaptation to deal 
with small perturbations that naturally occur during walking. Alternatively, a more pre-planned hence 
less adaptive / reactive control of recorded muscles could reflect a narrower control that did not deal 
with small perturbations. 
Other observations might explain the observed reduction, rather than increase in stability of 
walking with pain when walking at 0.94 ms-1. For example, the standard deviation of the time between 
strides was higher during the pain conditions. Increased variability in foot placements could generate 
more perturbation to the body during walking, and the tighter control of muscle activation might not 
deal with these perturbations appropriately. Alternatively, during calf pain some ‘limping’ was 
observed, and this affected upper trunk movement patterns. During pain, the amplitude of upper body 
movements was increased. This might partially explain the higher divergence rate compared to the 
no-pain walking condition as local solutions diverged quicker on a larger attractor in phase space. 
Alternatively, walking stability might be affected because the adopted type of walking pattern 
(limping) is uncommon. Individuals were not used to walking with pain which resulted in a less 
locally stable movements of the upper body. 
Some other movement strategies might also explain reduced walking stability during low back 
pain at the slower speed. One of the main observations was that the synergy linked with trunk control 
was most affected and was variable between individuals during walking with low back pain. From 
this perspective, decreased walking stability might in fact be reflective of a searching strategy to find 
a less painful movement solution (Bergin et al., 2014). Because the trunk system includes many 
muscles with similar biomechanical functions, more options are available in this system. Active 
variations in trunk control could therefore create upper body movements that are less predictable, 
which is linked with greater exponential divergence of the upper trunk motion during walking 
comparted to walking without pain. Instead of a more negatively interpretation that corresponds with 
‘reduced stability’, this might also reflect explorative behaviour during pain (Madeleine & Madsen, 
2009). Although experimental pain generated pain of a moderate intensity in the participants, there is 
one major limitation; its intensity is not usually affected by changes in movement strategy and as such 
does not reflect the common pattern of clinical pain and would render a search somewhat fruitless as 
no specific movement strategy would be less painful. Nevertheless, participants are likely to have 
been unaware of this and might have tried to find a less provocative movement solution. 
It is unknown whether these adaptations have long-term consequences for health. The 
presented findings are based on an acute pain situation only. This shows that this stimulus affects 
motor control during walking, but how this might be maintained, recover or evolve if pain is 
maintained is unknown. Longitudinal studies are required to investigate the impact of acute pain on 
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walking stability over time, and this would likely require investigation of individuals with pain of a 
non-experimental origin. If possible, this could investigate whether adopted movement strategies are 
maintained and whether these are associated with recurrence or persistence of pain, that is, whether 
they play a role in the transition from acute to chronic or recurrent low back pain. This could also 
investigate whether certain types of adaptation (increased / decreased stability) are more or less 
related to recurrent / chronic low back pain. 
Results showed that muscle pain negatively affects gait stability only at a relatively slower 
walking speed (0.94 ms-1). This finding provides some possible insight into why falls risk is higher 
in elderly individuals with musculoskeletal pain. Whether muscle pain negatively affects gait stability 
in elderly individuals requires further investigation. Research is required to determine whether an 
experimental painful stimulus would impact gait stability in elderly individuals and whether gait 
stability is different between individuals with and without current musculoskeletal pain. Current 
findings have provided some initial insight into this question. 
7.2 Methodological considerations of applied non-linear measures in the 
context of the overall thesis aims (and other potential limitations) 
7.2.1 Sample Entropy 
In contrast to upper body movements during walking, regular nature of CoP motion is in general 
interpreted as maladaptive in accordance with reduced complexity with ageing and disease 
hypothesis, because regularity is not considered ‘complex’. The findings of this thesis show that 
greater regularity of CoP motion is not necessarily linked with pathological postural control. A theme 
throughout this thesis is that different non-linear methods can assess different aspects of the regularity 
or predictability of time series. As discussed in detail in Section 2.5.2, sample entropy measures 
regularity by matching templates (low entropy is linked with regularity), RQA measures regularity 
by quantifying the duration of parallel motion in phase space (that falls within a certain threshold 
distance), and LDE assesses rate at which initially close parallel motion in phase space diverges over 
time. Similar to RQA, LDE could be used to calculate the duration of initially close neighbours in 
phase space to diverge beyond, for example, the RQA recurrence threshold to reflect the time limit 
beyond which motion cannot be predicted accurately (Strogatz, 1994c). Postural control is reflected 
in both CoP motion during upright stance and upper body movements during walking. In addition, 
the dynamic nature of both signals contains some form of inverted pendulum motion. Upright balance 
could be viewed as intermittent control of an inverted pendulum that maintains CoM within the 
vicinity of upright equilibrium and walking could be viewed as a form of ‘compass gait’ in which 
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stance leg is an inverted pendulum that prescribes the arc-like motions of the upper body (Bottaro et 
al., 2005; Hof, 2008; Kuo, 2007). Regularity in CoP and upper body movements partly reflects the 
regular nature described by inverted pendulum kinematics. Findings of Studies One and Two showed 
that all measures that quantify regularity showed that young were more regular than elderly 
individuals. These findings suggest that care should be taken when interpreting ‘regularity’ using the 
reduced complexity with ageing and disease hypothesis if CoP motion is used to investigate standing 
postural control. Regularity could also reflect good postural performance when underlying 
biomechanics are considered. By combining different methods, further insight was gained into the 
regular nature that underpins postural control. 
There are some methodological issues related to sample entropy that require discussion. Sample 
entropy was developed to assess complexity of inter-beat variability of the heart and there might be 
some limitations when applied on more continuous signals that are sampled at high sampling rates, 
such as CoP motion. Measurement of sample entropy is frequently used in postural control 
investigations (Donker et al., 2007; Ramdani et al., 2009; Zhou et al., 2017). This requires 
consideration with respect to the original intended use for sample entropy. Summing the entropy 
values at each coarse-grained time scale is suggested to reflect the overall complexity of the signal 
(Costa, Goldberger, & Peng, 2002a). MSE was developed by Costa et al. (2002a) in response to 
counter intuitive findings related to the complexity of heart beat fluctuations. In some cases, 
pathological heart function such as atrial fibrillation, characterised by highly irregular noise-like 
fluctuations of heart beats, resulted in high entropy values. High entropy in this case is caused by 
underlying noise in the system and cannot be considered as ‘complex’. Consequently, entropy values 
could not always distinguish between time series that represent atrial fibrillation or normal healthy 
heart function (Costa, Goldberger, & Peng, 2002a). Coarse graining at several timescales would 
average out the underlying noise from arterial fibrillation resulting in a decrease in entropy values 
with coarse-graining (emphasising that noise was the source of the high information content / entropy, 
which is not ‘complex’), whereas in normal heart function the process of coarse-graining would result 
in an increase of entropy values possibly due to the effect of decorrelation resulting from averaging 
over time (Thuraisingham & Gottwald, 2006). In this case, MSE provides a tool that is able to 
distinguish between different types of pathologic heart function by assessment of information content 
at several timescales. What this demonstrates is that even for its originally intended purpose, 
refinement of the MSE method was required, based on signal characteristics, in order to ensure 
interpretability of the analysis outcome. This highlights the question of whether the original algorithm 
that was intended to quantify information content of heart rate variability is suitable to quantify 
information content of CoP motion. 
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There are some important distinctions between heartbeats and CoP motion. The time between 
heart beats does not represent continuous dynamics of heart function but represents a ‘snapshot’ of 
the continuous underlying dynamics that control the heart. In this case observed values are ‘sampled’ 
by the system itself. In contrast, CoP motion represents a more continuous representation of the 
postural dynamics and assessment of its dynamical nature might not be suitable in the time domain 
using the MSE method. For example, false nearest neighbour analysis, applied to determine the delay 
embedding dimension in Studies One and Two, suggest that false neighbours exist when the signal is 
‘simply’ viewed in the time domain and that a 5D phase space is required to assess the underlying 
dynamics of the signal. The sample entropy algorithm assesses recurrences in the time domain and it 
could be the case that some of these recurrences do not reflect true dynamics of the system because 
the underlying attractor is not unfolded. Methods of delay ensures that the number of nearest 
neighbours through projection is zero (Kennel et al., 1992). If nearest neighbours are not caused by 
projection, then the attractor is completely unfolded (Kennel et al., 1992). 
The sample entropy algorithm was developed to deal with signals that represent time in between 
heart beats. There are differences between signals that represent heart function and upright posture 
represented by CoP motion that might not be taken into account by the sample entropy algorithm that 
is available from physionet.org (Goldberger et al., 2000). Compared to CoP motion, a signal that 
represents the time in between heart beats does not have large fluctuation and the recurrence threshold 
determined using a percentage (15% - 20%) of the standard deviation of the signal will not include 
many values across the signal. This is sort of represented by ‘simulated time series’ that is in general 
used to explain the sample entropy algorithm (see Figure 2.10). 
The manner in which templates are matched by the sample entropy algorithm approach might 
not work when the signal’s sampling rate is high that is the case with CoP. The sampling rate of CoP 
motion varies between studies but is usually around 100 samples/s. In this case the sample entropy 
algorithm becomes more of an amplitude matching algorithm rather than a template matching 
algorithm. This is illustrated using a sine wave as example (Figure 7.1) that is analysed using sample 
entropy with M=2 and threshold (r) setting of 20% of the signal standard deviation. A sine wave only 
repeats itself at 2	π	intervals. Two features can be seen using a sine wave as example that suggest that 
the algorithm matches amplitude rather than templates. First, Figure 7.1 (A) reflects the first stage of 
the algorithm and shows the values (in blue) that fall within the amplitude threshold of the first 
sample. The Figure 7.1 (A) shows that more consecutive samples are counted as recurrences than the 
template length determined by M. Second, Figure 7.1 (B) is the eighth iteration of the sample entropy 
algorithm and shows that recurrences other than 2	π intervals are also included which would not occur 
if templates were to be matched. In addition, more samples than the template length (M) are counted 
as matches. Further, it can be observed that the number of recurrences depend on the sampling rate, 
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the amplitude threshold (r), and the speed of the signal (more samples would be included at the 
maxima and minima of the sine wave as the signal moves slower in those regions). Figure 7.1 (D) 
also shows that temporally close recurrences are also included (see number of counts at 0 rad). It 
follows that it is unclear at what timescale sample entropy assesses the information content as 
templates are not directly matched. Instead, it appears to count recurrences that occur at similar 
relative time intervals. The time in between these time intervals could then be considered the 
‘timescale’ at which regularity is assessed. For example, Figure 7.1 (D) shows that recurrences are 
assessed at ~	π intervals, which would relate to the time scale of the time required for the signal to 
reach π revolutions. Following from this observation, it is unclear whether coarse graining of the 
signal is actually required, because recurrences are assessed at the timescale at which they relatively 
occur compared to the ‘comparison’ sample. Although most authors do not state what algorithm they 
have used, the algorithm that is available from physionet.org was selected because it has been used 
for this purpose in previous studies. For the reasons outlined in this thesis (see Section 2.5.1) other 
measures such as RQA are likely to be more suitable to assess regularity in time series that are 
sampled at a high rate such as CoP motion. This is highlighted by the observations of Studies One 
and Two. It may be worthwhile to undertake further research to investigate in more detail the type of 
regularity that is assessed by MSE in signals that are sampled at a high rate. 
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Figure 7.1. Visualization of the sample entropy algorithm using a sine wave. Sine wave was sampled at 100 samples/s 
using M=2 and r=20% SD. Arbitrary unit (a.u.) (A) The start of the algorithm. The first sample (red star) is the comparison 
sample, sample values are found that fall with the threshold r, represented by the horizontal dashed lines. Samples within 
r are highlighted in blue. (B) The eighth iteration of the algorithm. Samples that fall within the amplitude threshold r of 
the comparison sample (red star) are found. Samples within r are highlighted in blue and red. Blue represent samples that 
have not been matched prior and red represent samples that were matched prior. (C) and (D) display number of observed 
recurrences. If recurrences occur at similar time intervals relative to the comparison sample, then these recurrences are 
added. At every iteration the number of single or more counts A and the number of M=2 or more counts B are summed. 
These counts A and B are used at the final stage of the algorithm to calculate entropy: -ln(A/B). 
7.2.2 Detrended fluctuation analysis 
As outlined in Section 4.4.3, It is hypothesized that complex systems such as the postural 
control system exhibit long range correlation that are reflective of the collective behaviour of the 
multiple components that comprise the system each functioning at different time scales (Delignières 
et al., 2011; Peng, Havlin, Hausdorff, et al., 1995). The output of the behaviour of this type of systems 
would result in long range correlations or in signals that can be described by an underlying fractal 
structure assessed using DFA. Whether or not CoP motion would reflect a true fractal structure is 
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unclear (Kuznetsov et al., 2013). For example, it is assumed that CoP motion is a form of fractal 
Brownian motion, this type of motion however, would exhibit one scaling region, not two as observed 
in Studies One and Two. The time intervals used in this thesis (up to 10 s in Study One and up to 4.2 
s in Study Two) are not long enough to conclusively conclude whether or not CoP reflects a fractal. 
A fractal reflects a structure or time series from which each part resembles the whole. Figure 7.2 
shows two examples of CoP motion (duration: 30 s). When zooming in, the CoP time-series appears 
become more regular. Although the detail at zoomed in levels does not reflect the detail of the whole 
signal, it does reflect the underlying control of posture which can be extracted using the DFA method. 
The underlying control might reflect a more ‘on / off’ nature of balance (Kuznetsov et al., 2013) as 
highlighted by the intermittent control model of an inverted pendulum used in Study One. CoP is 
persistent at shorter time scales and anti-persistent at longer time scales consistent with findings from 
the intermittent control of an inverted pendulum model. The DFA method used in this thesis extracted 
this information by extracting the bi-linear regions in the log-log plot of fluctuations versus time 
scales. Although Figure 7.2 shows that CoP motion might not be a true fractal, the extraction of the 
underlying nature of persistence and anti-persistence linked with the underlying balance control 
processes is useful and can be extracted using DFA. This might also be linked with the shape of the 
stabilogram diffusion analysis plots as observed by Collins et al. (1995) for example. 
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Figure 7.2. CoP motion of a faller (A) and non-faller (B) at different zoom levels. From top to bottom: 30 s, 10 s, 5 s, 2.5 
s, 1 s, 0.5 s, and 0.1 s. It reflects the underlying persistence at short time scales (more smooth) and anti-persistence at long 
time scales (less smooth). 
7.2.3 Recurrence quantification analysis and Local divergence exponent 
 Both RQA and LDE assess time series in phase space using delay embedding. In system 
dynamics delay embedding is used when not all information is available of the system that is 
investigated. According to Packard et al. (1980) and Takens (1981) a time series extracted from the 
system can be used to reconstruct an attractor in phase space. This attractor resembles the geometry 
of the original attractor if all information of the system would have been available. The dynamics of 
the observed component is determined by the other components with which it interacts (Packard et 
al., 1980). A single time series would therefore implicitly contain all information of the system. This 
is true for relatively simple systems such as the Lorenz system (Rispens et al., 2014), but whether this 
(A) (B)
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is the case in complex systems such as the postural control system is unclear. It is likely naïve to 
assume that by measuring an output of the system all information of the system is contained in that 
signal. As discussed in the background of this thesis (Section 2.3), depending on the macro-level at 
which the recording was made some information of the underlying system is lost but other 
information is gained. This also suggests that there are limits to which underlying complexity of the 
control system can be measured using CoP as an output of the system. Whether or not the output 
reflects all interactions of the underlying system, the output does reflect part of the system’s function 
and delay embedding is a suitable method to investigate the dynamics of the system. 
Study Two involved the dilemma whether to extract variability from the entire 45 s that were 
available after cessation of vibration or to use a sliding window approach. We chose the latter because 
using 45 s would average out any transient effects of postural control after cessation of vibration (such 
transient effects could be observed in the raw data). A 15-s sliding window approach allowed 
extraction of more transient effects of the postural adaptations / response to the vibration perturbation. 
However, it is important to acknowledge that most non-linear methods require long time-series. A 
15-s window might be too short for RQA and especially DFA. This did impact some decisions 
regarding the maximum time scale at which fluctuations could be assessed (DFA) and delay 
embedding (RQA), which are discussed below. 
For DFA, the accuracy of fluctuations at longer time scales depends on the available length 
of the data and the number of windows used to estimate the mean fluctuation from. Usually, the 
maximum time scale is set to max of N/10 where N is the length of the time series (Hardstone et al., 
2012; Linkenkaer-Hansen et al., 2001), although some studies used longer maximum time scales in 
relation to data length (N/3, Donker et al., 2007; Roerdink et al., 2006). Both Studies One and Two 
used a maximum time scale of N/3. Although a sliding window was used to increase the number of 
windows to allow for a better estimate of larger time scale fluctuations, fluctuations at larger time 
scales will be less accurate and will consequently affect accuracy of DFA2 estimates. Therefore, care 
needs to be taken when interpreting DFA exponents that are estimated from few windows. 
 Appropriate reconstruction of phase space is essential. Both the number of dimensions and 
time delay need to be chosen with care. Some authors have used 5D phase space (Mazaheri et al., 
2010; Negahban et al., 2010), similar to Studies One and Two. However, other authors suggest that 
CoP motion phase space should be represented by a higher dimensional space due to the noisy nature 
of CoP motion. For example, Riley et al. (1999) suggested a 10-dimensional phase space and other 
authors have used between 8 and 12 dimensions (Coubard et al., 2014; Decker et al., 2015). It was 
decided to create a phase space using five dimensions for the following reasons. First, initial analysis 
using False Nearest Neighbour analysis suggested that five dimensions was appropriate. Second, a 
higher dimensional phase space (D) requires generation of D-1 time delayed copies of the original 
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signal. More copies would result in shorter time series available to fill the phase space which was 
limited to 1500 samples in Study Two (i.e., 15-s window). For example, in case of a delay of 180 ms 
(18 samples) with a 12D phase space would result in: 1500 - (12-1) * 18 =1302 samples (~13 s), 
instead of 1500 - (5-1) * 18 = 1428 samples in the case of a 5D phase space. A difference of 1.26s 
(8.4% of total data series). The third consideration is related to the length of data series required to 
appropriately reflect an attractor in a 5D phase space. Although the attractor dimension of the time 
series was not estimated directly, the phase space should be larger than the dimension of the attractor 
(Grassberger & Procaccia, 1983). To be able to reliably detect an attractor of five dimensions, using 
the formula of Grassberger-Procaccia (1983), described by in Marwan (2011), minimal data length = 
exp (D / 2 log (1/ 5% recurrence rate)) would require ~17 s, close to the 15-s window used in Study 
Two. Fourth, delay embedding to create high dimensional phase space introduces correlations in the 
recurrence plot affecting true recurrences (Marwan, 2011), limiting the phase space dimension to 5D 
would limit this effect. 
 A similar approach was applied to reconstruct the phase space using upper movements in 
Study Four. Because LDE is sensitive to the length of a time series (Bruijn, van Dieën, Meijer, & 
Beek, 2009b), the maximum available stride numbers (110 strides) that was similar across the 
participants and walking condition was used. The amount of time that 110 full stride cycles takes can 
vary between participants and between conditions. Length of the time series, or the amount samples 
in phase space would also affect LDE (Bruijn, van Dieën, Meijer, & Beek, 2009b). For this reason, 
each time series was interpolated to the mean duration across all trials so that each trial had exactly 
the same number of data points in phase space. An alternative approach could have been to rescale 
the time-axis of the divergence curve to stride cycles and thereby avoid difficulties associated with 
spline interpolation of time series (Bruijn et al., 2013). 
 Assessment of 110 strides makes it challenging to compare stability findings with the synergy 
analysis. Synergy analysis was extracted using 15 consecutive stride cycles. Only 15 complete stride 
cycles were selected because it was challenging to extract high quality muscle activity patterns across 
all recorded muscles for longer time periods. Because synergy analysis (or any analysis that extracts 
information from muscle activity patterns for that matter) is sensitive to artefacts, fewer stride cycles 
were selected to ensure that only high-quality muscle activity patterns were included in the final 
analysis. The 15 stride cycles used for the synergy analysis were extracted within one minute of the 
hypertonic saline injection. Because LDE analysis was extracted from 110 strides, any transient 
adaptations to pain might have been missed. Alternatively, RQA could have been applied on this data 
set as well. RQA can handle shorter tine series compared to LDE method. Future investigation could 
analyse the same 15 stride cycles that were used for synergy analysis to correlation between regularity 
/ stability and observed changes in synergistic control (e.g., reduction in %VAF). 
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 The underlying regularity that was observed in CoP motion in Study One was investigated 
using an inverted pendulum model that is intermittently controlled. Limitations related to extracting 
CoM motion using CoP motion are discussed in Section 3.4.2. Some active postural control related 
information such as percentage ballistic corrections and the gain of the response related to postural 
requirements were also extracted. However, these more exploratory measures need to be validated in 
future investigations that measure full body kinematics to estimate the CoM movement more 
accurately. It could then be determined whether observed regularity or the intermittent nature of 
postural control is linked with the maintenance of CoM within the base of support. Concurrent 
measurement of the activity level from postural muscles could confirm whether extracted postural 
control information from the inverted pendulum model has some validity. 
7.2.4 Other methodological considerations 
 Other methodological considerations are related sample size (Studies One and Two) and 
external validity of pain adaptations (Studies Three and Four). The sample size of the young groups 
in Studies One and Two was low. The confidence intervals for the young group are large, and it could 
be beneficial to increasing the sample size to reduce that. It might be important to confirm whether 
the observation of higher regularity / predictability of CoP motion still holds if sample size of the 
young group is increased. This might be important considering the opposite interpretation of 
regularity that is normally observed in studies that use CoP motion to investigate postural control and 
could confirm whether regularity reflect normal healthy postural control. Studies Three and Four 
investigated effect of acute pain in young individuals. Experimental pain provides an acute noxious 
stimulation and was used to perturb postural control system and was intended to emulate clinical pain. 
The pain duration of intramuscular hypertonic saline is limited to ~5 min and participants were 
informed the pain duration. Experimental pain does not change with contraction or movement and 
other models are required that are more related to movement or muscle contraction. Some have 
proposed Nerve growth factor as pain model and causes pain that can last for several days (Bergin et 
al., 2015). However, with this model pain is mostly provoked with pressure but not with muscle 
contraction and is not consistent with movements. Observed adaptations to pain might can only be 
extrapolated to a young cohort. It is unclear whether similar adaptations would occur in older 
individuals. Future research could investigate the impact of age on pain adaptations during walking 
to further disentangle the impact of pain on gait stability and relations with falls risk in elderly 
individuals. 
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7.3 Conclusion 
Regularity of time series that reflect the output of the postural control system at the level of CoP 
motion or upper body movements reflects normal healthy postural control function. Compared to 
young individuals, reduced regularity in response to perturbations to the postural control system was 
observed in elderly and specifically in fallers than non-fallers. Thus, has potential as a factor to 
improve prediction of falls. When the postural control system is perturbed by an acute pain stimulus 
during walking in young individuals both increased and decreased local stability are observed. 
Opposite findings appear to depend on task constraints (walking speed) and the ability to adapt muscle 
coordination in relation to overall walking performance. This suggests that there are no strict rules to 
which pain adaptations adhere. 
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Appendix I Assessment of Impact of Method to 
Determine Recurrence Threshold on Within-Session 
Reliability of Recurrence Quantification Analysis 
Within-session reliability of recurrence quantification analysis (RQA) of center-of-pressure 
motion in the anterior-posterior direction was assessed in individuals older than 65 years of age 
when standing on firm or foam surface with eyes open or closed. The repeatability of RQA across 
four 30-s balance trials within in each balance condition (firm / foam, eyes open / closed) were 
determined using analysis of intra-class correlation and standard error of measurement. Two 
methods to determine the threshold for definition of a recurrence were compared. One method set the 
recurrence threshold level to fix the recurrence rate to 5%, the other method set the recurrence 
threshold based on 26% of the mean distance between all points of which recurrence are quantified. 
ICCs were better, and the standard error of measurement smaller when the recurrence threshold was 
set using the first method. 
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1.1 Introduction 
Control of posture can be measured using a force plate. The extracted CoP is the position of 
the point of application of the ground reaction force of an individual standing on the ground. CoP 
motion provides a measure of postural sway dynamics and contains information regarding 
movements of the CoM of the body, and the moments that are generated by the individual (Winter, 
1995). CoP motion is commonly used to investigate postural control (Lord et al., 1991; Negahban et 
al., 2016; Riley et al., 1999). Consistency of methods that quantify CoP motion is important to extract 
reliable information regarding postural control for a range of purposes, including identification of 
falls risk. 
Upright posture is inherently unstable, and the main goal is to regulate the CoM to stay within 
the support surface area (Horak, 2006). This is achieved by activity of postural muscles (Vieira et al., 
2012) to maintains the CoM in the neighbourhood of upright equilibrium (Bottaro et al., 2005). This 
is a dynamical process which is reflected in the motion of the CoP that non-linear methods can 
quantify. Not all non-linear methods are suitable to analyse CoP motion because of its non-stationary 
nature. RQA does not assume signal stationarity and can process data that is relatively short in time 
duration. In addition, RQA can extract the regular and laminar nature of CoP motion that is linked 
with the CoM regulation and can therefore quantify postural performance (Bottaro et al., 2005; 
Mazaheri, Negahban, et al., 2010; Mazaheri et al., 2010; Riley et al., 1999). 
To examine the dynamical nature of CoP, RQA can apply a ‘methods of delay’ technique 
(Eckmann & Ruelle, 1985; Packard et al., 1980). Methods of delay involves creating time-delayed 
copies of the original signal to form a geometrical representation of the CoP dynamics. Each 
dimension of this volume (phase space) represents a time-delayed copy (Takens, 1981). The manner 
in which the signal evolves and recurs within phase space is assessed by RQA (Marwan, 2003). A 
recurrence within phase space is defined by the recurrence threshold. Depending on the threshold 
level, more or less recurrences can be observed, and impact RQA (Marwan, 2011). If the threshold is 
set at a fixed level, smaller amplitude CoP signals are more likely to recur than larger amplitude CoP 
signals. The recurrence threshold is usually made dependent on some measure of CoP motion 
amplitude, such as percentage of the maximum diameter of the geometrical shape (Decker et al., 
2015; Ramdani et al., 2013) or percentage of mean distance between al data points in phase space 
(Riley & Clark, 2003; Riley et al., 1999). However, these normalisation methods could be biased by 
few large CoP motion excursions and CoP could recur more in some areas than other areas in phase 
space. Threshold based on amplitude could increase variability of recurrence rate between trials and 
therefore also the variability of RQA of outcome measures. 
Only one study has assessed the reliability of RQA of CoP motion during standing balance 
(Mazaheri et al., 2010). Mazaheri et al. (2010) based recurrence threshold on amplitude and observed 
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poor reliability of recurrence rate, which confirms the above argument. Nevertheless, this study 
observed good to excellent reliability of some RQA outcome variables. The reliability of some 
important RQA variables, such as the mean duration of regular and laminar features were not 
investigated. The present study aimed to determine the between-repetition repeatability of RQA when 
recurrence threshold was set based on amplitude (mean distance between all data points in phase 
space) and when the recurrence threshold was set such that the percentage recurrences was fixed at 
5%. Repeatability of RQA was examined in individuals older than 65 years of age under four levels 
of postural difficulty. 
1.2 Methods 
1.2.1 Participants 
Data from 244 participants older than 65 years of age who volunteered for a prospective study 
of falls (Studies One and Two) was used for this study. The mean ± SD age, height, weight of 
participants was 74 ± 6 years, 1.68 ± 0.09 m, and 75.1 ± 14.6 kg. Participants were recruited from the 
Brisbane metropolitan area via the Australian electoral role. Participants were excluded if they had 
ocular disease, recent or recurrent history of musculoskeletal injury and surgery, were unable to 
ambulate independently without the use of a walking aid, exhibited any neurological disorders (e.g., 
Parkinson’s Disease) or were cognitively impaired [i.e., Mini mental state exam score < 24 (Folstein 
et al., 1983)]. The experimental protocol was approved by the Institutional Human Research Ethics 
Committee and conformed to the Declaration of Helsinki. 
1.2.2 Experimental setup and procedure 
Balance was assessed using a force plate (AMTI, OR6-6, Watertown, MA, US). Force plate 
data were digitized with 16-bit precision at a sampling rate of 1000 samples/s using a Vicon Mx 
Giganet data acquisition system with the Vicon Motus software (v9.2.0; Vicon, Oxford, UK). 
Participants performed four balance conditions; standing on the force plate (firm surface) or 
standing on a 60 × 60 × 15 cm medium density foam rubber surface (Lord et al., 2003) with either 
eyes open or wearing a blindfold. The order of the conditions was randomized. In each condition, 
participants were asked to stand as still as possible with the arms hanging by their side. Data collection 
started after ~20 s to ensure participants reached a steady state. Then, balance was recorded for 30 s. 
Each condition was repeated for a total of four trials each. 
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1.2.3 Data analysis 
Data were analysed offline with Matlab (R2017a, Mathworks inc., Natick, MA, USA). CoP 
data were filtered with a bi-directional, second order low pass Butterworth filter. The cut-off 
frequency of the filter was set at 20 Hz; bi-directional filtering increased the filter order to 4. CoP 
data were then decimated to 100 samples/s.  
Recurrences were quantified using Marwan’s Matlab toolbox (version: 5.21, Release 31, 
Marwan, 2003; Marwan et al., 2007). To do this, time delayed copies of the original CoP signal were 
created. The delay was determined using the average displacement method (Rosenstein et al., 1994) 
for each 30-s CoP signal individually. The dimension of phase space was set at five determined with 
false nearest neighbour analysis (Kennel et al., 1992). The phase space contains the observed 
solutions of balance reflected by the time-delayed copies of CoP motion. Within this phase space CoP 
motion solution can revisit or recur previous solutions. The time points at which these recurrences of 
CoP motion occur can be visualized using a 2-dimensional recurrence plot (Eckmann et al., 1987).  
There are two distinct dynamical features of CoP motion that can be recognized in the 
recurrence plot; recurrences can form diagonal lines and vertical lines. Recurrences that form 
diagonal lines reflect CoP motion that is temporally and spatially similar within the recurrence 
threshold and reflect the deterministic behaviour of CoP. RQA extracted the percentage recurrences 
that formed diagonal lines of longer than 0.1s (%DET) and the mean length of these lines (Lmean). 
Diagonal features reflect the predictability or regularity of CoP motion. Recurrences that form vertical 
lines reflect CoP motion that is recurs in phase space but then remains close for some time and reflect 
the laminar behaviour of CoP. RQA extracted the percentage recurrences that formed vertical lines 
of longer than 0.1s (%LAM) and the mean length of these lines also referred to as ‘trapping time’ 
(TT). Vertical line features reflect the CoP that is relatively stationary and could be viewed as local 
temporally stable states (Bottaro et al., 2005). 
The threshold below which recurrences were defined was defined in two ways. First, it was 
determined using 27% of the mean distance between all points in phase space (which on average 
created 5% recurrence rate across all participants and balance conditions). Second, it was set such 
that recurrence rate was fixed at 5%. RQA was applied excluding temporally close recurrences of less 
than 1 s (Theiler window: 1s).  
1.2.4 Statistical analysis 
Intra-class correlation coefficient (ICC) was used to determine the within session test-retest 
repeatability or reliability of RQA measurers between four 30-s trials during each balance condition 
(McGraw & Wong, 1996). ICC estimates and their 95% CI were based on a single-rating, absolute 
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agreement, 2-way fixed effects model (McGraw & Wong, 1996). ICC values of < 0.4 were classified 
as poor, between 0.4 and < 0.6 as fair, between 0.6 and <0.75 as good, and >0.75 as excellent 
(Cicchetti, 1994). The standard error of measurement (SEM) of each measure was calculated as the 
pooled standard deviation across the 4 trials multiplied by the square root of one minus ICC value. 
test-retest repeatability of the recurrence rate could only be tested when recurrence threshold was 
amplitude dependent. 
1.3 Results 
With fixed recurrence rate, %DET and %LAM test-retest reliability was ‘excellent’, but only 
‘good’ with amplitude-based recurrence threshold (Figure A1.1). Lmean and TT showed ‘good’ and 
‘fair’ test-retest reliability when recurrence rate was fixed, or recurrence threshold was amplitude 
based, respectively (Figure A1.1). These observations were consistent across all balance conditions 
except when standing on firm surface with eyes open. In that case, the ICC of Lmean and TT test-retest 
reliability was considered ‘poor’ when recurrences were defined using amplitude based threshold. 
Lower ICC resulted in lower SEM values of the RQA measures (Figure A1.2). Test-retest 
repeatability of the recurrence rate when recurrence threshold was amplitude depended was 
considered ‘poor’ across all conditions (Figure A1.3). 
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Figure A1.1. Intraclass correlation (ICC) values (95% CI) of recurrence quantification (RQA) measures. Percentage 
determinism (%DET), mean length of the diagonal line features (Lmean), percentage laminal feature (%LAM) and trapping 
time (TT). ICC values of RQA with fixed recurrence rate are in black and with recurrence threshold as percentage of 
amplitude in in grey. ICC values in green, blue, orange or red are considered as ‘excellent’, ‘good’,’moderate’, or ‘poor’, 
respectively. 
 
 
Figure A1.2. Standard error of measurement (SEM) and 95% CI of recurrence quantification measures. (A) percentage 
determinism (%DET), (B) mean length of the diagonal line features (Lmean), (C) percentage laminal feature (%LAM) and 
(D) trapping time (TT). SEM values of RQA with fixed recurrence rate are in black and with recurrence threshold as 
percentage of amplitude in in grey. 
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Figure A1.3. Intraclass correlation (ICC) values (95% CI) of the recurrence rate when recurrence threshold was set at 
percentage of amplitude. ICC values in green, blue, orange or red are considered as ‘excellent’, ‘good’,’moderate’, or 
‘poor’, respectively. 
1.4 Discussion 
The results of this study indicate that use of a fixed recurrence rate results in a better test-
retest repeatability of RQA that definition of recurrences based on a percentage of the mean distance 
between all data points in phase space. Better reproducibility of measures would increase the 
sensitivity and specificity when used for classification or predictors to discriminate between 
participant groups, such as individuals with and without pathology (e.g., Parkinson’s decease) or 
between elderly individuals at low or high risk of falls. 
The main goal of RQA is to quantify the dynamic behaviour of a system. This behaviour can 
occur with different amplitudes. The amplitude reflects part of the behaviour, but the system’s 
recurrent behaviour might not necessarily depend on its amplitude. This is the main reason for 
normalisation of the recurrence threshold - to enable a scale-free view of a system’s behaviour. The 
amount of recurrences impacts RQA; higher recurrence rate would increase the likelihood of finding 
features in the recurrence plot that are quantified by RQA (Marwan, 2011).  
Although the recurrence threshold is based on CoP amplitude, use of a threshold based on this 
feature did not produce stable recurrence rates across balance trials. The ICC of the recurrence rate 
identified using this approach was ‘poor’ and confirms test-retest reliability findings of Mazaheri et 
al. (2010). Poor test-retest reliability of recurrence rate might be linked with the relatively short 
duration of the balance trials (30 s), or the variable nature of CoP motion. Although large fluctuations 
might be part of the behaviour, it affects the test-retest reliability of the measure. Amplitude based 
recurrence threshold is unable to capture this behaviour to create a scale-free assessment of CoP 
motion. 
Although use of a fixed recurrence rate precludes use of this feature as an outcome measure 
recurrence rate itself is likely to be of little interest for investigation of the dynamical behaviour of 
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CoP motion for several reasons. For example, recurrence rate could be identical for both white noise 
or CoP motion signals, rendering this measure unable to distinguish between these obviously different 
signal types.  
Use of a fixed recurrence rate to determine the threshold increased the test-retest repeatability 
of RQA. Because recurrence rate affects RQA (Marwan, 2011), it is clear that a fixed value would 
increase the repeatability of RQA measures. By fixing the recurrence rate, true scale-free CoP 
dynamics can be assessed. The of RQA measure based on this approach would increase the sensitivity 
to show differences in balance control between groups of individuals (e.g., elderly and young) and 
determine how individuals adapt to balance conditions (e.g., eyes open vs. eyes closed). 
We also assessed the test-retest reliability of Lmean and TT. test-retest reliability of these 
measures of CoP motion have not been assessed before. These are important measures as they reflect 
the predictability and stationary (laminar) behaviour of balance. Predictable behaviour could reflect 
stable behaviour or behaviour that reflects slow pendulum like movements of the CoM which are 
regular and predictable. Laminar behaviour likely requires good control of posture as it reflects 
temporarily balance between postural and gravitational torque, i.e., local stable states. The ICC values 
of these measures were lower than the percentage of these features (%DET and %LAM) in relation 
to all recurrences. This might highlight the stochastic part of standing balance which avoids longer 
periods of regular behaviour and might underpin adaptability. 
Some limitations require consideration. Reliability was only assessed within one session. It is 
unclear whether these measures are consistent between balance assessments with longer time 
intervals between trials and trials on different days. Further research is required to determine between 
session reliability of RQA in elderly individuals or whether longer duration of time-series would 
further improve repeatability.  
 
1.4.1 Conclusion 
Use of a fixed recurrence rate improved test-retest reliability of RQA of CoP motion in elderly 
individuals in different balance tasks. Improved test-retest reliability could enable better distinction 
between pathology groups. 
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Appendix II Participants Information Sheets and 
Consent Forms 
Study One 
 CONSENT FORM  
 “Dynamic postural stability and falls prediction in older people during walking  
in real-world environments.” 
 
I, Mr. / Dr / Mrs. / Ms / Miss 
………………………………………………………………………… 
          (Circle Title)    (First Name)   (Surname) 
 
of 
…………………………………………………………………………………………………
… 
 (Street)    (Suburb)    (Postcode) 
agree to be a subject in the research project entitled “Dynamic postural stability and falls 
prediction in older people during walking in real-world environments” as described in the 
subject information package included with this form. 
 
I acknowledge that: 
 
1. The testing procedures and their possible effects have been explained to me and I have 
been given the opportunity to ask questions regarding this project and the tests involved. 
 
2. I understand that questions related to this project are welcome at any time and can be 
directed to Dr. Graham Kerr (Chief Investigator) on (07) 3138 6303. 
 
3. I have been informed that I am free to withdraw from the study at any time, without 
comment or penalty. 
 
4. The project is for the purpose of research and not for treatment. 
 
5. I have been informed that the confidentiality of the information I will provide will be 
safeguarded. 
 
6. I understand that the project will include audio and/or video recording. 
 
If you have any concerns in relation to the ethical conduct of this project you may contact the 
Research Ethics Officer on (07) 3138 2340 or ethicscontact@qut.edu.au. 
 
After considering all these points, I consent to my participation in this project. 
 
Signature: ……………………………….                 ………………. 
 Participant Date 
 
Signature: ……………………………….  ………………. 
 Researcher Date 
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Study Two: 
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Studies Three and Four: 
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Appendix III Ethics Approvals 
Studies One and Two 
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Studies Three and Four 
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Appendix IV Hyperlinks to Published Papers 
Study Two 
Center-of-pressure motion after calf vibration is more random in fallers than non-fallers: prospective 
study of older individuals. 
https://doi.org/10.3389/fphys.2018.00273 
Study Three 
Effect of acute noxious stimulation to the leg or back on muscle synergies during walking. 
https://doi.org/10.1152/jn.00557.2014 
Study Four 
Effects of noxious stimulation to the back or calf muscles on gait stability. 
https://doi.org/10.1016/j.jbiomech.2015.10.013 
